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ABSTRACT 
The definition of business cycles in the post-war period was first comprehensively 
provided by Burns and Mitchell (1946) The authors argue that business cycles are 
expansions which occur after a general recession. Markov switching regime models is 
sufficiently flexible and capable to distinguish between cycle  Recession and Expansion  
phases. This paper studies the business cycles in Iran economy during the 1960 - 2010, 
using Markov Switching Autoregressive Model (MS-AR). The study’s findings indicate that 
recession periods in Iran’s business cycles have been more dominant and the mean 
remaining of  economy in recession and Expansion is 5 years. 
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INTRODUCTION 

 

 The definition of business cycles in the post-war period was first comprehensively provided by Burns and 

Mitchell (1946) The authors argue that business cycles are expansions which occur after a general recession. 

Two features of such definition are recapped by Mullineux (1990). Mullineux specifies that there are two phases 

in a cycle, namely the expansion and the recession. Mullineux pointed out that the peaks and troughs in a cycle 

are only employed for identification and are considered as two different phases. According to Mullineux, such 

cycles are not necessarily periodic but recurrent in nature. He further argues that the length and intensity of 

duration and amplitudes could change. Such definition distinguishes the main characteristics of a cycle. 

 Different studies have been carried on the application of Markov regime switching models to explain the 

behavior of the stock market. Hamilton (1989) for the first time applied regime switching in Goldfeld and 

Quandt (1973) model using a Markov Switching Auto Regressive (MS-AR) model.  

 

Literature: 

 Morley and Pager (2010) have analyzed the asymmetric business cycles in the U.S. during the period 1974-

2007. They have used the Markov switching method,. In their analysis using ms models, they conclude that the 

most appropriate model of output growth dynamics is in doubt. They further conclude that the business cycles 

are easily impressed by model specification.Caraiani’s (2010) analysis on the business cycles in Romanian 

economy has also adopted Markov switching method, suggests that the regime switching models could greatly 

help analyze Romania’s macroeconomic dynamics.  

 Castro (2011), his studiy analyzed the business cycles in Portugal using a duration-dependent Markov 

switching model which was estimated by monthly growth rates. Such growth rates were studied in a group of 

economic indicators including civilian employment and industrial production. His estimations highlight four 

main periods of recessions during the past three decades in Portugal. They also reveal that positive duration 

dependence was only seen in contractions and not in expansions. 
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 Kholodilin (2006) predicted Germany’s business cycles by using Markov-switching dynamic bi-factor 

model, simultaneously using composite leading indicator (CLI) and commodity channel index (CCI) together 

with the corresponding probabilities. The obtained results show that the Markov-switching dynamic bi-factor 

model was much more effective than the dynamic mono-factor model in recognizing the economic recession. 

 Moolman (2004) conducted a research to analyze the business cycles in South Africa using Markov 

switching regime (MS-AR). The findings in his research suggest that there are two distinct phases in the growth 

rate including high and low growth rates. He also concluded that there is a very significant relationship between 

the interest rate and the business cycles.  

 

Methodology: 

 According to Hamilton (1989), many economic variables undergo fundamental changes through the time 

when faced by different circumstances. Such changes are quite possible to occur for any macroeconomic 

variable in the long term. Such clear changes in time series process could stem from events such as wars, 

financial crises, or fundamental changes in financial and monetary policies in a country. 

 Now the question is how we could define the consequences of such fundamental changes in the behavior of 

a variable throughout time. Imagine such behavior could be expressed be an autoregressive process by 

),0(~ 2 Nt
as follows: 

ttt ycy   11                                                                     (1) 

 Where the process could well characterize t=1,2 , …,t0 observations. Imagine a crucial change occurs in the 

behavior of the variable during the time t0 in a way that such behavior for the period t= t0+1, t0+2, …could be 

expressed as follows: 

ttt ycy   22                                                                    (2) 

 The equations (1) and (2) are considered as an acceptable description for the data t=1, 2 but it cannot be 

taken as a time series model because the future values of the above-mentioned series are not possible to be 

predicted through these equations. Since the above variable underwent such change in the past, it will probably 

show such behavior in the future. Such characteristic needs to be taken into account in predicting the future 

values for the variable. As the above equations can be rewritten as: 
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 a complete time series here should be described in a way that it takes into consideration the probability of 

conversion from 1  into 2 . Therefore, the time series process here is described by the unobservable random 

variable



t
s

, where the



t
s

 shows a state or a regime where the process in the time t has been situated in that state 

or regime. By the introduction of



t
s

, the equations 3 can be expressed as follows:  
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 Where, if 



t
s

=1, then the process is in regime 1 (for t= 1, 2, …, t0) and if 



t
s

=2, the process is in regime 2 

(for t= t0 +1, t0 +2, … ). Moreover, the



t
s

 indicates 1  and 2 in 

ts

=1 and 

ts

=2 respectively. 

 

2-1 Markov Chain:  

  Now it seems necessary to provide a description of time series process for the unobservable random 

variable



t
s

. Since the



t
s

variable only takes discrete values (namely the values 1 and 2 here), the simplest time 

series model for that would be the Markov Chain.  

 If the st is a random variable which only takes natural values {1, 2, …, N}, the chances st equals the certain 

value j would depend on the previous values of the variable: 

ijttttt pisjspksisjsp   }{..}.,,{ 121
                                    (5) 

 Such a process would be described as a Markov Chain with N states and a transition 

probabilities
N1,2,...,j,}{ iijp

. The transition probability Pij then expresses the probability that state i would be 

followed by state j, therefore: 

  1 =pin…+ +pi2 + pi1 
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 Hence, the transition probability matrix can be defined as transition matrix as follows: 
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  In the above matrix, the element row j and column i show the transition probability ijp
. 

 

2-2 Analysis of time series of changes in regimes: 

 Now a general model could be adopted by which one can study the issue. Imagine that yt is a (n×1) vector 

of endogenous variables, while the xt is a (k×1) vector of exogenous variables and 

the    mtttmttt xxxyyyt ,...,,,,...,, 11 is a vector including all the variables. If our process in time t is in regime St=j 

, then the conditional density yt could be expressed as:   

  ;، 1tt  tt ،jsf Χy             (7) 

 The is a vector of parameters which expresses the conditional density. If there are N different regimes, 

then the equation (7) could represent N different densities for j= 1, 2, …, N which are expressed in vector Nx1 

by t . 

 For instance, as defined earlier, in a first order autoregressive model 

ttststt yCy   1             (8) 

 yt is a scalar (n=1) and the exogenous variables only include a constant phrase ( t
=1) and the unknown 

parameters vector includes NNcc  ......,,...... 11 and
2 . It is supposed that when the process is in regime one, 

the variable yt is extracted from the distribution
),( 2

11 N
while it is extracted from the 

distribution
),( 2

22 N
when put in regime two. Having two regimes N=2, the two densities could be expressed 

as: 
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 The equation (7) assumes that the conditional density only depends on the current regime t
s

 while it does 

not depend on the previous regimes. It is also assumed that the t
s

is defined through observations from the 

previous ytand also the current and the previous observations of xt are independent: 

ij112-t1 ][],,...,s ،[ pisjspkisjsp tttttt   X             (9) 

 

Perception of regimes and evaluation of likelihood functions: 

 The parameters which describe the time series defined by equations (7) and (9) include  and ij transition 

probability and are put in a vector . Our main goal here is to estimate the values based on yt observations. 

Moreover, it is crucial to understand at each certain time in the sample which regime we are in. In doing so, we 

need to form a probable perception based on yt values and using the equation (6).  

 Assume that  ؛js tt   expresses our perception of t
s

values based on the current data and also the 

parameter . Such a perception will be formed as a conditional probability based on which it will be specified 

whether the t observation will be contained by the regime j or not.  

 We define the below conditional probability in a vector Nx1 which is called
tt




: 

1. ];[ tjtSp   

2. j = 1, 2, …, N 

 Such definition will also enable us to predict whether these processes will be perched in regime j in the time 

t+1 to time t bases on observations. This also shows a vector Nx1 or tt 1



the row j of which 
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expresses
][ 1 ؛jsp tt   . Now, our conception and prediction for any time t in the sample could be provided 

by repetition of the following equations
: 







































ttt

ttt

tt






1
1

1






                                                          (10) 

 

tttt






1
                                                                          (11) 

 where the t is an Nx1vector whose row j is the conditional density at the equation (7). The P, as a 

transition matrix, is also an Nx1 vector including the number one and the sign  which shows the 

multiplication of the rows. By having an initial value for 1



and the assumed value for the vector of 

 parameters with the repetition of (10) and (11) equations for T (where t =1, 2), the values 

for tt



and tt 1



could be calculated for any time t in the sample. The maximum likelihood function
)(

for 

the data ty
could be calculated through the following algorithm form: 

   



t

t

ttt yf،؛
1

1log   

In which: 

   tttttt yf،؛  
 11 1



 
 

Data and unit root test: 

 In this paper, the difference of logarithm  for the real GDP of Iran (in 1998) has been employed in order to 

analyze the business cycles. 

 Using augmented Dickey–Fuller (ADF) statistic (the results of which shown in table 1), the data durability 

was studied in order for the regimes to be assessed and the coefficients of MS-AR to be extracted, the final goal 

of which was to analyze the business cycles in the Iranian economy. 

 
Table 1: Unit Root Test results. 

MacKinnon Critical Value augmented Dickey–

Fuller (ADF) statistic 
Variable 

Confidence Level 10% Confidence Level 5% Confidence Level 1% 

-2.598 -2.921 -3.567 -4.157 (0.001) RGDP 

Source: Estimations through the study 

 

 The results in table 1 show that RGDP has no unit root and it is consequently stationary or I(0).  

 

Choosing Optimal Lag for MS-AR(K) Model: 

 we now study the behavior of the data time series using Markov switching regime change so that we will be 

able to analyze the business cycles in Iran’s economy. To do so, we estimate the dual status autoregressive 

model MS-AR (K) in different lags (because the data in this are annual, between 1 and 4 lags are used); and then 

we take the optimal lag using the Akaike information criterion (AIC). The results are exhibited in table 2.and 

suggest 3lags optimal lag lengh. 

 
Table 2: Model Optimal Lag. 

Akaike Criterion Number of lags Number of regimes MS-AR Model 

-3.057 1 2 1 

-3.373 2 2 2 

-3.405 3 2 3 

-3.22 4 2 4 

Source: Estimations through the study. 

 

Linearity or Non-Linearity Test for model (LR):  

 Before estimating Markov switching model MS-AR (K), we need to test the non-linearity of the business 

cycles using the LR. In this test, the null hypothesis means the model is linear with one regime.  

 For this, the value of statistic in LR test (  is more than the critical value in 5% significance 

level, and therefore, it could be concluded that the non-linear models are more preferred than the linear ones. 
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Estimation of Optimal Model MS-AR (3): 

 The results of estimation of MS-AR (3) are shown in table 4. 

 
Regime Parameters Estimation 

Regime 0  

α0(μ0) .099(19.2) 

β01 .413(5.44) 

β02 .668(11.6) 

β03 -.604-(12.7) 

0σ .060(6.63) 

Regime 1  

α1(μ1) .043(27.2) 

β11 .0004-(.007) 

β12 .055(1.20) 

β13 -.488(-9.23) 

1σ .008(6.65) 

transition probability  

P00 .80 

P01 .17 

P10 .19 

P11 .82 

Source: Estimations through the study 

 

 Based on the results obtained from the table 4, all the coefficients in regime one (except the first and the 

second lags) are meaningful in the 5% level. The mean growth rate in regime zero would be µ0= 0.99 and the 

mean growth rate in regime one would be µ1=0.043. Therefore, we can conclude that the situation zero (regime 

zero) can be called the expansion status and the situation one (regime one) can be referred to as the recession 

status. The variance for situation zero (regime zero) has been estimated as σ0= 0.060 while it has been estimated 

σ1=0.008 for the situation one (regime one). Therefore, it shows that the variance for expansion status is far 

more than the one for recession status and that the recession status has less fluctuations. 

 The transition probability matrix for the expansion and recession regimes have been assessed as follows: 

 
 Based on the above transition probability matrix, the possibility that the expansion status tends to remain in 

the same expansion status is P00= 0.80% and the possibility that it moves towards recession status is P01= 

0.17%. It also shows that the possibility that the recession status tends to remain in the same recession status is 

P11= 0.82% and the possibility that it moves towards expansion status is P10= 0.19%. Consequently, 

considering the transition probability matrix, we understand that the recession status through business cycles in 

Iran were of more stability. Another eye-catching advantage for Markov switching model is that using the 

transition probability matrix, we can estimate the mean period of remaining in recession or expansion. 

 

 The mean period of remaining in expansion=  

 The mean period of remaining in recession=  

 The results show that the average period of remaining in expansion status is 5 years, while the average 

period of remaining in recession status is 5.5 years. 

 Considering the smoothed diagrams of transition probability from recession and expansion periods during 

1960-2010 and based on the smoothed probabilities for economic recession, here we try to determine the length 

of the period in Iranian business cycles, with close attention to estimated diagrams. 

 Despite the fact that the statistics and data were started from 1960, the first peak is recognized since 1961. 

The first estimated recession started in the middle of 1962 and ended in 1963. The second recognized recession 

in this article started in 1966 and continued until 1975. The third recession distinguished in this study started in 

1984 and continued into 1987. And finally, the fifth case of recession in Iran’s business cycles started in 2002 

and continued until 2006. 

 

Conclusion: 

 Undoubtedly, the business cycles considering their high importance in economic policy-making in different 

countries, are among the most crucial economic topics. The important point here is the adoption of a model by 

which we can recognize the sudden changes in business cycles and determine the dynamics of the GDP for 

multiple periods after a period of sudden change. During the past few decades, non-linear time series models –

such as Exponential Smooth Transition Autoregressive (ESTAR) and LogisticSmooth Transition Autoregressive 
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(LSTAR) as well as Markov Switching Model or MS-AR–have been pervasively used to describe the behaviors 

of business cycles. 

 

 
 

Diagram 1: Time series for model MS-AR. 

 

 
 

Diagram 2: Smoothed for expansion regime. 

 

 
 

Diagram 3: Smoothed for recession regime. 

 

 In this article, the behavior of regime changes throughout the business cycles in Iran’s economy has been 

studied based on Markov switching model. Considering the estimations from Markov switching model (MS-

AR), the average or mean value for growth rate in regime zero is µ0:0.099 and the mean value of growth rate in 

regime one is µ1:0.043. Hence, we can conclude that the status zero (regime zero) can be called the expansion 

status, while the status one (regime one) can be referred to as recession status. The transition probability matrix 

for the model suggests that the possibility that the expansion status tends to remain in the same expansion status 

is P00: 0.80 percent and the possibility that it moves towards recession status is P01: 0.17 percent. It also shows 

that the possibility that the recession status tends to remain in the same recession status is P11: 0.82 percent and 

the possibility that it moves towards expansion status is P10: 0.19 percent. Therefore, considering the transition 

probability matrix we conclude that the recession status throughout Iran’s business cycles have had more 

stability. Ultimately, six recession status were recognized the 50-year period under the study, using smoothed 

probabilities diagrams. 
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