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Abstract

In this paper we propose a Markov-switching approach based on a two-step procedure for deriving new in-
sights about financial returns. The first step refers to the asset’s long term features and consists in achieving
a time-invariant classification of stocks into homogenous groups under the risk-return profile. In the sec-
ond step, we investigate the dynamic behavior of the stocks belonging to each group by using multivariate
Markov-switching models. We provide innovative measures of expected return and risk and we find evidence
of different dynamic features across groups of stocks and common dynamic properties within groups which
can be exploited for both interpretative and predictive purposes.
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1. Introduction
Latent variables have been extensively used in both theoretical and empirical research and cover a wide
range of academic and operational fields. However, despite the relevant progresses made in the last years,
the usefulness of latent variables in financial studies is still largely unexplored.
By taking into account the unobservable (i.e., latent) nature of expected return and risk, in this paper we
propose a two-step method for the analysis of stock market behavior. Specifically, the first step consists
in achieving a time-invariant classification of the stocks into homogenous groups under the (latent) risk-
return profile. This is done by employing mixture models, which allow the classification of multivariate data
following a model-based approach and the determination of M groups using the information provided by a
set of observable indicators. One important feature of this step is that, by means of statistical methods, we
are able to determine the number of mixture components, M , i.e., to define the number of groups of stocks
characterized by different financial features (De Angelis, 2013).
The second step of our procedure aims at investigating the dynamic behavior of the stocks belonging to
each group. Latent variables play a relevant role also in the analysis of time series dynamics. In particular,
Markov-switching (MS) models, which are characterized by a (dynamic) latent variable component where
an unobserved Markov process drives the data generating process, are particularly suitable for describing
correlated data that exhibit distinct dynamic patterns during different time periods. Since the seminal work
of Hamilton (1989) many contributions and extensions have been developed for analyzing financial variables.
Among many others, Rydén et al. (1998), Guidolin and Timmermann (2007), Al-Anaswah and Wilfling
(2011), and De Angelis and Paas (2013) show that MS models are useful for investigating regime switching
of returns and volatilities in stock markets and are able to capture many stylized facts of return series. In
particular, the MS representation allows us to (i) endogenously detect the various stock market regimes,
represented by the K (latent) states of the unobservable Markov process, using model selection methods, (ii)
interpret the different regimes on the basis of the switching parameters, and (iii) obtain the probabilities of
switching from one regime to another. These achievements may provide a valuable help in the development



of an early warning predictive system.

2. A two-step procedure for investigating stock market behavior
In this section, we briefly outline our two-step procedure for (i) obtaining the different groups of stocks, i.e.,
portfolios, and (ii) investigating their dynamic behavior using latent variable models. In the first step we
resort to mixture models in order to make inference about the latent variable of interest and the subsequent
classification of the stocks into a certain number of groups, M . Once obtaining the M groups, in the second
step we focus on the analysis of the dynamics of the stock’s return series within each of the M groups.

Definition of the groups
Consider a set of N stocks and, for each stock, consider a set of Q indicators zk,h, for k = 1, . . . , Q and h =
1, . . . , N based on the unconditional distribution of the returns. In order to obtain the stock’s classification,
we use a mixture model where the probability (density) distribution of stock return h is given by:

f(zh) =

M∑
y=1

πy

Q∏
k=1

f(zk,h|y) (1)

where y = 1, . . . ,M denotes the time-constant latent variable which is characterized by M mixture compo-
nents and is assumed to explain all the relationships among the indicators. That is, the observed variables, zk,
are assumed to be independent conditionally on the groups. For each group, the term πy denotes the (prior)

probability of belonging to a given group, where
∑M

y=1 πy = 1. The conditional distributions, f(zk,h|y), for

k = 1, . . . , Q, are assumed to be Gaussian with (conditional) mean µy(zk) and variance σ2
y(zk). The param-

eters are estimated by maximizing the associated log-likelihood function using the iterative procedure of the
EM algorithm. The stock’s classification is achieved using the Bayes’ theorem, thus according to the modal
rule: arg maxy=1,...,M h(y|zh), where h(y|zh) denotes the posterior probabilities h(y|zh) = πyf(zh|y)/f(zh).
Model selection is a well-known open issue in mixture modeling since there is no commonly accepted indicator
for choosing the number of mixture components. For instance, information criteria, such as the Bayesian
information criterion (BIC), are shown to consistently select the number of components, but they tend to
underestimate M in small samples. Hence, we decide to rely on the Akaike information criterion (AIC) which,
besides being a widespread and easy to compute procedure, also has the known tendency to never underes-
timate M . Within our two-step approach, dealing with more groups considerably eases the analysis at both
interpretative and computational levels. In particular, selecting more groups tends to reduce the misclassi-
fication error and facilitates the analysis of the dynamic behavior at the second step since low-dimensional
multivariate MS models are easier to estimate and their results are easier to interpret.

Analysis of the dynamic behavior
For t = 1, . . . , T , we consider the my-dimensional vector of returns rt, where my is the number of stocks
classified into a specific group y, y = 1, . . . ,M . Furthermore, we consider a vector of explanatory variables
xt, which can be divided into two sub-vectors xt = [x′1,t, x

′
2,t]
′, where x1,t and x2,t are the q1 switching and

q2 non-switching exogenous regressors, respectively.
Thus, a general MS model specification for the vector of returns rt belonging to group y is given by:

rt = µSt
+

q1∑
i=1

βi,St
x1,i,t +

q2∑
j=1

βjx2,j,t + εt (2)

where St = 1, . . . ,K denotes the discrete latent process governed by a Markov chain with K regimes and
µSt

is the vector of my switching intercepts. In the following, the innovations εt are assumed to be Gaussian
distributed with zero mean and switching covariance matrix ΣSt

, i.e., εt ∼ N(0,ΣSt
). Nevertheless, the

innovations may have a more general probability density function. For instance, we may assume that εt is
either distributed as a Student-t with νSt degrees of freedom, i.e., εt ∼ t(0,ΣSt , νSt), or a Generalized Error
Distribution with κSt degrees of freedom, i.e., εt ∼ GED(0,ΣSt , κSt).

3. Empirical analysis



Table 1: Results for the Gaussian mixture model with M = 6 components (Step I)
Group 1 Group 2 Group 3 Group 4 Group 5 Group 6

Group Size 0.070 0.231 0.231 0.231 0.134 0.102
Indicators:
Mean 0.022 0.591 0.638 0.759 1.017 1.500
StdDev 11.296 6.877 8.201 5.827 10.990 9.154
VPerc -15.704 -10.801 -12.947 -8.617 -17.284 -12.843
ICPerc 11.532 8.518 10.020 7.533 14.098 12.290
MeanCrisis -10.017 -3.441 -5.458 -2.235 -5.577 -3.307
StdDevCrisis 17.861 8.476 10.287 5.655 12.438 9.367

Interpretation of the groups:

• Group 1: lowest expected return and highest level of risk

• Group 2: moderate expected return and low level of risk

• Group 3: moderate expected return and moderate level of risk

• Group 4: lowest level of risk

• Group 5: high expected return-high risk profile

• Group 6: highest expected return and moderate level of risk

We apply the two-step procedure outlined in Section 2 to analyze the dynamic behavior of the N = 30 stocks
included in the Dow Jones (DJIA) index at the end of 2012. We analyze the monthly return series from
March 1993 to December 2012.
In the first step of the procedure, we consider Q = 6 indicators, zk, based on the unconditional distribution
of the returns. We proxy the expected return-risk profile by using the following 6 indicators: mean return,
mean return during crises, standard deviation, standard deviation during crises, 90th percentile, and 5th

percentile. The crises are endogenously detected using two conditions: (i) the return of the DJIA index is
below its 5th percentile, (ii) the standard deviation of the return distribution of the DJIA index computed
on the period is greater than 1.5 times the standard deviation of the DJIA index return series. The detected
crisis periods are the following: June-September/2001, April/2002-February/2003, May/2008-February/2009,
May-August/2010, and May-September/2011.
According to the AIC, a Gaussian mixture model with M = 6 components is detected, thus indicating the
presence of six groups of stocks (i.e., portfolios). The interpretation of the (latent) risk-return profile of each
group can be obtained on the basis of the estimated conditional means for each indicator. A summary of
the results and the corresponding risk-return interpretations of the 6 groups are reported in Table 1. In
particular, as reported below Table 1, we are able to detect the portfolio with the lowest level of risk (group
4), the portfolio characterized by the lowest expected return and the highest risk levels (group 1), and the
portfolio with the highest expected return profile (group 6).
By considering the return series of the stocks classified into the six different groups, in the second step of
the procedure we evaluate the dynamic behavior within each group using multivariate MS models specified
in (2).
In Table 2 we show the results for the group characterized by the high return-high risk profile (group 5) which
includes my = 4 stocks.: For this group, we estimate a MS model with K = 5 latent states with x1,t = ∅
(no switching regressors) and x2,t = {pbt−1, rt−1} (two non-switching regressors: the price/book value ratio
at time t − 1 and the first order autoregressive component). The estimated values of µSt

and ΣSt
, as well

as the transition probabilities in matrix P (see Table 2) allows us to interpret the features of the five latent
states, i.e., the characteristics of the five regimes. In particular, St = 1 represents the crisis regime since is
characterized by large negative intercepts, µSt=1, and the highest conditional variances, σ2

St=1. On the other
hand, state 5 is a bull regime. The transition probabilities in matrix P show that, conditionally at being
in state 1 at time t − 1, at time t the latent process may remain in the crisis regime with a probability of
0.612, or may switch directly to the bull regime with a probability of 0.307. The third latent state, St = 3,
is characterized by small conditional means and relatively low variances. Its persistence probability, i.e., the



Table 2: Results for the MS model for group 5 (high return-high risk profile)

rt = µSt + β1pbt−1 + β2rt−1 + εt, εt ∼ N(0,ΣSt), St = 1, ..., 5

Stocks: HPQ : Hewlett-Packard; JPM : JP Morgan Chase & Co.; INTC : Intel; CSCO : Cisco Systems.

St = 1 St = 2 St = 3 St = 4 St = 5

HPQ
µSt -7.833*** -4.317*** 0.637 7.848*** 6.656***
β1 -1.233***
β2 -0.103**

JPM
µSt -7.239** -0.473 -0.755 7.673*** 8.386***
β1 -3.646***
β2 -0.110***

INTC
µSt -6.630** 2.892* -1.003 -0.740 14.212***
β1 -1.235***
β2 -0.024

CSCO
µSt -10.215*** 3.710** -0.225 4.981** 12.588***
β1 -0.367***
β2 0.020

ΣSt
†

σ2
HPQ,St

175.00*** 58.73*** 41.69*** 95.91*** 160.96***
σ2
JPM,St

258.38*** 8.73*** 44.55*** 71.41*** 29.33***
σ2
INTC,St

200.37*** 90.58*** 44.12*** 236.16*** 47.19***
σ2
CSCO,St

232.27*** 94.09*** 65.57*** 105.55*** 41.35***

P

St−1 = 1 0.612*** 0.078 0.002 0.002 0.307***
St−1 = 2 0.080 0.508*** 0.002 0.246*** 0.164**
St−1 = 3 0.044** 0.000 0.948*** 0.001 0.007
St−1 = 4 0.002 0.521*** 0.002 0.474*** 0.002
St−1 = 5 0.178** 0.004 0.186** 0.201*** 0.431***

* significant at 10%; ** significant at 5%; *** significant at 1%;
† Covariances σjj′,St not reported for space constraints.

probability of staying in the same regime from time t − 1 to time t, is close to 0.95, which corresponds to
an expected regime duration of approximately 19.4 months. Hence, this state can be interpreted as a (long)
lateral phase. The states 2 and 4 are somehow connected since the latent Markov chain often visits these two
states sequentially, see the transition probabilities in matrix P .
In Table 3, we analyze the results for the my=4 = 7 stocks classified into group 4, which is characterized by
the lowest level of risk. The best model is the MS model with K = 5 regimes which includes both switching
and non-switching regressors (see Table 3). According to the estimates of µSt

, ΣSt
and P , we can interpret

the 5 different regimes. Specifically, we interpret state 1 as the crisis/negative regime, St = 2 as a slightly
negative phase which precedes the lateral phase represented by state 3, while states 4 and 5 denote the
positive phase and the bull regime, respectively. The βi,(St) coefficients can be easily interpreted as done
above. The signs of the estimates of these coefficients are all consistent with the financial theory, except for
β1 in the KO equation, β3,St=2 in the JNJ equation and β1 in the WMT equation, although the latter is
significant only at a 10% level.
Finally, the estimation of the MS models for the remaining four groups of stocks (not reported due to space
constraints) allows the detection of the different dynamic behavior. The results show evidence of relevant
differences across groups: specifically, (i) different number of regimes, (ii) diverse interpretation of the regime
profiles, and (iii) unsynchronized regime dynamics. Moreover, the endogenous detection of financial market
regimes and the estimation of regime-switching probabilities may substantially help monitoring the financial
system and developing early warning predictive systems. As an example of the potential usefulness of this
two-step approach in monitoring and disclosing financial crises, consider the estimated (smoothing) prob-
abilities for the crisis regimes, i.e., the probability of being in the crisis state 1 at time t conditional on
the observed return series, Prob(St = 1|r1, ..., rT ). In Figure 1, we show these probabilities for the two MS
models considered in Tables 2 and 3 with respect to the period 2007-2012. As can be observed from Figure 1,
the group with the lowest risk profile (group 4) can be used to promptly detect the beginning of the so-called
“sub-prime crisis” started at the end of 2007.



Table 3: Results for the MS model for group 4 (lowest risk profile)

rt = µSt + β1,(St)pbt−1 + β2,(St)rt−1 + β3,(St)dpt−1 + εt, εt ∼ N(0,ΣSt), St = 1, ..., 5

Stocks: MMM : 3M; CVX : Chevron; KO : Coca Cola; XOM : Exxon Mobil; JNJ : Johnson & Johnson; PG:
Procter & Gamble; WMT : Wal Mart Stores.

St = 1 St = 2 St = 3 St = 4 St = 5

MMM

µSt -2.904*** -1.227 1.396*** 2.516** 2.251**
β1 -0.156
β2 -0.118**
β3 14.91

CVX

µSt -0.549 -0.443 0.541 2.037*** 2.518*
β1 -2.497***
β2,St -0.142 0.237*** -0.241*** -0.090 -0.316***
β3 11.87**

KO

µSt -6.421*** -1.080 0.925** 4.830*** 8.681***
β1 0.146***
β2 -0.047
β3 34.14***

XOM

µSt 0.019 -0.037 0.283 2.334*** 4.806***
β1,St -1.114 -0.510 -1.551*** -1.859** -5.193***
β2 -0.060
β3 -1.715

JNJ

µSt -3.525*** -2.832*** 0.920** 5.070*** 11.004***
β1 0.098
β2,St -0.073*** 0.642*** -0.216*** -0.399*** -0.351***
β3,St 7.602 -35.24*** 31.38*** 57.90** 48.18***

PG

µSt -5.804*** -1.276** 0.710* 5.622*** 9.929***
β1 -0.002
β2 -0.144***
β3 19.83***

WMT

µSt -2.452 -2.300*** 1.104** 2.756*** 6.908**
β1 0.315*
β2 -0.117**
β3 39.49**

Σ†St

σ2
MMM,St

30.08*** 47.57*** 17.59*** 61.80*** 12.46**
σ2
CV X,St

53.66*** 26.11*** 27.94*** 12.64*** 25.77**
σ2
KO,St

56.74*** 15.73*** 12.27*** 19.65*** 39.90**
σ2
XOM,St

25.22*** 43.38*** 16.64*** 14.85*** 12.61**
σ2
JNJ,St

61.30*** 2.99*** 10.35*** 6.69*** 3.08**
σ2
PG,St

69.01*** 10.55*** 10.70*** 6.74*** 15.45**
σ2
WMT,St

87.90*** 8.40*** 23.78*** 36.31*** 88.80**

P

St−1 = 1 0.528*** 0.026 0.212*** 0.056 0.178***
St−1 = 2 0.002 0.124* 0.792*** 0.002 0.080*
St−1 = 3 0.061** 0.195*** 0.540*** 0.203*** 0.001
St−1 = 4 0.206*** 0.212*** 0.299*** 0.234*** 0.049
St−1 = 5 0.170 0.003 0.069 0.754*** 0.003

* significant at 10%; ** significant at 5%; *** significant at 1%;
† Covariances σjj′,St not reported for space constraints.



Figure 1: Estimated (smoothing) probabilities for the crisis regime in the period 2007-2012

4. Conclusions
In this paper we propose a two-step procedure involving latent variables for analyzing the distribution of
stock returns. The aim of the first step is to obtain a time-invariant classification of the stocks which share a
similar expected return-risk profile. In the second step we employ multivariate MS models to investigate the
dynamic features of the different groups. By analyzing the monthly return distribution of the DJIA stocks, we
find evidence of 6 groups characterized by different risk-return profiles. The analysis of the groups’ dynamic
behavior shows the presence of common dynamics within groups and contrasting behavior across groups, thus
confirming the usefulness of the two-step procedure proposed in this paper. Indeed, the two-step approach
provides much more flexibility than a single-step procedure based on a mixture of MS models, since allows
the estimation of MS models which can be characterized by a different number of latent states (regimes).
Therefore, the proposed two-step procedure enables the detection of the different dynamic features across
groups which may not be detected using a single-step procedure.
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