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Abstract 
Stock return predictability has been extensively considered as a stylized reality. 
Theories indicate that returns should change along the time, and various studies have 
presented evidence on this point. On the other hand, there is an optimal portfolio in 
each regime, and one cannot claim that a specific portfolio can minimize risk and 
returns in each regime. On the other hand, the financial conditions index (FCI) is an 
important index to specify monetary policy conditions. Regarding the importance of 
the issue, this research aims to present a comprehensive index, including all monetary 
transmission mechanisms. In this regard, it is attempted to improve the efficiency of 
stock return predictability in Iran's economy by incorporating an FCI and identifying 
relationships between FCI and stock returns using the TVP-DMA model, which can 
resolve shortcomings of traditional models. The study is applied research in terms of 
purpose. Seasonal data over the period of April 1991 to July 2019 is used. The results 
based on TPV, DMS, and DMA models indicate that liquidity growth rate, economic 
growth rate, unemployment rate, exchange rate, financial condition index, oil 
revenues, misery index, and budget deficit, has significantly affected factors of stock 
returns in 30, 50, 11, 49, 66, 54, 7, and 84 periods of 104 periods, respectively. 
Accordingly, budget deficit, financial condition index, oil revenues, and economic 
growth are the most effective factors of stock returns predictability in Iran. Further, 
the incorporation of flexibility in coefficients of the financial development index leads 
to higher forecast accuracy. 
Keywords: Financial development index, Monetary conditions index, Stock returns, 
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Introduction 

Capital market is taken into account as one of the infrastructures for economic 

development in developing countries and the main context to achieve the goals 

and favorable macroeconomic factors. A dynamic capital market in a specific 

process framework and mechanism leads finally to GDP growth and 

controlling undesirable economic factors. Since achieving economic growth 

and enhancing motivation to invest entails implementing fundamental and 

comprehensive policies, creating an appropriate context for investment seems 

to be necessary. Therefore, achieving these goals entails the efficient 

performance of stock exchanges. Dimensions of the stock exchange and its 

influencing mechanisms should be identified to create efficiency in this market, 

and this information should be released to participants in this market to 

enhance their awareness. The present research aims to challenge current views 

on stock returns predictability. 

The main issue is considering constant or variable coefficients and factors 

influencing stock returns over time. More precisely, identification of factors 

affecting the capital market can significantly help investors to choose an 

optimal portfolio according to the market condition. However, according to the 

information gathered by the researcher, few studies have regarded variable 

uncertainties in different regimes on stock market returns within the country. 

Goyal and Welch (2008) concluded according to evidence that most of 

the models were unstable or even incorrect and even insignificant in-sample 

predictors. Their evidence also indicated that the models did not help investors 

to use predictability when setting a portfolio. It can be concluded that although 

there is evidence for predictability, the evidence is so weak that investors 

cannot use them in practice. 

One of the most important challenges researchers face is controversies 

about potential variables that can be incorporated into the explanatory model. 

However, these controversies often have led to the diversity of results. 

Econometrists have greatly attempted to solve this problem. For example, one 

of the solutions proposed is to perform a sequence of tests to add or remove 

variable to the model and hypothesis testing on their significance. However, 

these approaches do not lead to satisfactory results due to the invalidity of 

hypothesis testing in incorrect specifications and aggregate and consequent 

errors (Poirier, 1995). The Bayesian approach for the uncertainty problem is 

Bayesian Model Averaging (BMA) (Hoeting et al., 1999), in which the values 

are often estimated by a weighted average of the values of specific models. The 

weights depend on the extent to which data support the model used, which are 
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measured by the posterior probability of the model. Jeffreys (1961) first 

founded BMA, and Leamer (1978) developed the method. 

In contrast to the classical approach, in which statistical inference is used 

to test the significance of coefficients, the Bayesian approach bases on 

statistical analysis and probability distributions. The Bayesian approach is 

based on the Bayes theorem, which itself is based on inductive logic. In spite of 

the deductive logic, in which often “when a hypothesis is true, the result is also 

true,” in the inductive logic, the trueness is probabilistic, and the correctness 

degree is assessed based on the number of interpretations and models in which 

the theorem satisfies (Gower, 1997).  

In other words, a group of features is required to be able to improve the 

efficiency of forecasting models. For example, considering variations in 

volatilities over time is important because it improves the flexibility of 

forecasts, and estimation risk is important because the investor cannot be 

ensured that the forecasts have high certainty. Brenan (1998), Stambaugh 

(1999), and Barberis (2000) pointed out that disregarding each of these parts 

leads to a misleading viewpoint about the risk. 

Accordingly, this research attempts to create an advantage for stock 

returns predictability using the time parameter. In this way, we can examine the 

approach that assumes volatilities are constant in regression models, and 

investors do not take into account volatilities and estimation risks.  

Another problem that can be regarded is that whether incorporating 

monetary conditions indices (traditional view) and FCI (developed view) can 

increase stock returns predictability. In other words, whether or not localization 

of financial conditions indices based on specific conditions of Iran’s economy 

can improve the results of forecasts. A great deal of discussions has been 

conducted about the role of other asset prices on monetary transmission 

mechanisms. Accordingly, in this stage, the main problem is to determine the 

weights of factors affecting an FCI tailored to the specific conditions of Iran’s 

economy over time and to identify how this index influences stock returns 

predictability. Based on the discussions above, the research aims to deal with 

various problems as follows: 

What are the most important factors affecting stock returns over time? 

How the factors affect stock returns over time? 

The highest weight of the factors affecting stock returns is related to which 

variable? 
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How much is the likelihood that the factors affect stock returns over time? 

How is the impact of financial condition index on the stock returns in the case 

of time-varying coefficients, compared with constant coefficients? 

The variety of the problems raised to the current study is due to the 

complex relationship between variables and numerous factors affecting stock 

returns predictability over time. 

The rest of the paper is organized as follows. Section 2 presents 

theoretical foundations and a review of relevant empirical research, and 

Section 3 provides the methodology for estimation. The model estimation is 

presented in Section 4. Finally, Section 5 concludes the paper and presents 

policy recommendations. 

Background 

The portfolio theory and Fisher’s fundamental theory can be used to examine 

the relationship between the stock price index and macroeconomic factors. The 

portfolio theory refers to the selection of an efficient portfolio regarding 

effective factors. Some financial assets such as bank deposits have constant and 

certain and risk-free returns, and some others, such as stocks and currency, 

have uncertain and risky returns. Since individuals hold various combinations 

of cash, stocks, bank deposits, securities, gold, and currencies in their 

portfolios, the changes in monetary volume, exchange rate, bank interest rate, 

and inflation rate affect individuals’ demand for maintaining each of these 

parts such as demand for stocks, which itself affects stock prices (Karimzadeh, 

2006). 

Fisher’s fundamental hypothesis is used to build a theoretical framework 

for the relationship between the stock price index and macroeconomic 

variables. Fisher’s fundamental equation represents the real interest rate as the 

differentiation of the nominal interest rate and inflation rate, as follows. 

i

n

t

r

t INFRR                                                                                                     (1) 

Where 
r
tR represents the real interest rate, n

tR  is the nominal interest rate, 

and iINF  is the inflation rate. Fisher also proposed such an equation for stock 

returns, as follows. 

i

n

t

r

t INFRSRS                                                                                                  (2) 

where
r

tRS  represents the real stock return and
n

tRS  is the nominal stock return.(3) 
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Fama (1981) noted that some monetary macroeconomic variables such as 

liquidity and interest rate are neglected in Fisher’s equation. Regarding the 

relationship between the money market and capital market, Fama used a money 

market equilibrium to prove his claim. Money market equilibrium equation is 

expressed for stock prices as follows: 

ttttt

r

t UPLnMRLnYLnRS  43210         (4) 

In the next section, how real and monetary variables affect stock exchange is 

discussed (Fama, 1981). 

Financial condition index   

A financial condition index indicates the state of the economy in the future that 

can be viewed in current financial variables (Hatzius et al., 2010). A financial 

condition index is a summary of current financial variables that somewhat can 

forecast the future state of a country’s economic activities (Gonzales et al., 

2013). 

Deriving an FCI in each country is done via adding a specific variable. 

For example, in Sweden, housing prices are incorporated to create an FCI. The 

results indicated that housing prices had increased the forecast power of FCI 

for inflation, compared with traditional MCI. The same process is implemented 

in Swiss by adding the prices of housing and stock (Zulkhibr, 2011).  

According to all economic viewpoints, except for the school of real 

business cycles, monetary policies affect real economic variables, at least in the 

short-run. Therefore, the question is that under which mechanisms and through 

which channels the effects of the monetary policy spread to the economy, and 

production and inflation are affected? 

Boivin et al. (2010) divided the monetary transmission mechanism into 

two main types, namely, neoclassical channels, in which financial markets are 

perfect and non-neoclassical channels that include imperfect financial markets. 

A summary of relevant research is presented as follows. 

Jabeenm et al. (2019) proposed some types of FCI for Pakistan using a 

wide variety of financial and economic variables. They estimated an FCI using 

the time variable over the period 1969-2016 using seasonal data. Their model 

presented three versions of FCI, i.e., TVP-FAVARs, FA-TVP-VARs, and 

Heteroscedastic FAVAR. The results indicated that the incorporation of 

flexible coefficients in FCI improved the power of FCI in forecasting the 

stance of economic indices in Pakistan. 
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Kapetanios et al. (2018) attempted to formulate an FCI for the U.K. 

economy. They used the partial least squares approach to determine the most 

important variables affecting the FCI. They tried to identify how the chosen 

variables affect production, inflation, and capital market using the SVAR 

model. Their result indicated that the use of the CFI in the forecast of selected 

variables led to increased forecast accuracy. 

Koop and Korobilis (2013), using a factor augmented vector 

autoregressive model with time-varying parameters, attempted to define an FCI 

and tried to determine effective weights in the FCI over time. Moreover, they 

allowed effective factors of FCI to change over time by developing the method 

to DMA and DMS approaches. They found that variable factors of the FCI and 

varying parameters led to improved forecasts. 

Taheri-Bazkhaneh et al. (2018) examined dynamic relationships between 

financial cycles and business cycles and inflation gap in Iran’s economy over 

the period from April 1990 to July 2016. For this purpose, an FCI was first 

formulated for Iran’s economy. Further, using the causality test in the 

frequency domain, horizons available to forecast economic growth by the FCI 

was determined. Then, new maximal overlap discrete wavelet transforms 

(MODWT) and continuous wavelet transform (CWT) tools were used to 

inspect the research purpose and analysis in the frequency domain and time-

frequency domain. The results indicated that the relationship between financial 

cycles and business cycles was bilateral and highly unstable in the short run 

and long run. In the medium run, the variable of business cycles was the 

leading variable, but phase transitions between the two variables in the 1990s 

were distinct from those in the 2000s. In the short run, there was a bilateral and 

unstable relationship between financial cycles and the inflation gap. Moreover, 

financial cycles caused inflation to keep out of its long-run trend. However, 

this relationship was inverted in the long run and after 2007. Regarding the 

results of the research, monetary policy-makers were suggested, besides 

smoothing output and inflation around their long-run trends, to take into 

account these results for the financial sector too, to be able to achieve the goals 

above in various horizons with lower errors.  

Methodology 

An applied methodology is used regarding the research purpose. Concerning 

the subject and purpose, the most appropriate approach in this research is the 

econometric method. Time series data over the period 1991-2019 was taken 

from Iran’s Central Bank and Statistics Organization. EViews 10 and 
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MATLAB 2018 software packages are used. In what follows, the research 

variables are modeled using the Time-varying Parameter- Dynamic Model 

Averaging (TVP-DMA) model. 

The main characteristic of the dynamic programming approach is two 

features. First, dynamic programming puts a specific problem into a family of 

control problems. Then, for each member of the problems family, the optimal 

value of V
*
 functional is initially considered not the properties of the path to 

the optimal state of )(ty  , like calculus of variations, and not the path to the 

optimal control of )(tU  , like optimal control theory. 

As discussed, the standard form of space-state models is as follows: 

                                            (5)    

                                                   (6) 

where    is the dependent variable,    [                  ] is a 

    vector of estimators of the intercept and lag of the dependent variable, 

and    [                     ] is an     vector of coefficients (states). 

Further,             and            have normal distributions with zero 

mean and variances    and   . These models have several advantages, of 

which the main advantage is enabling the user to change estimated coefficients 

in each time. However, they suffer the shortcoming that when the value of    is 

very large, the estimations are not reliable. Generalized models of TVP such as 

TVP-VAR are also affected by this problem. An appropriate development to 

this model has proposed by Grovin et al. (2008), in which uncertainties in the 

behavior of estimators were incorporated into the model, as follows. 

   ∑            
 
                                  (7) 

where     and     are the  th element of    and   , respectively. The 

notable point is the inclusion of the variable    {   }, a permanent variable 

taking values 0 or 1 for each estimator (Hoogerheide et al., 2009). Then, 

Raftery (2010) proposed the DMA approach that resolved all shortcomings of 

the previous approaches. Indeed, the method mentioned could estimate large-

scale models in each moment, and it allowed changing the input variables in 

each time.  

Bayesian inference is theoretically simple, but its calculation is somewhat 

impossible in dynamic models because the size of   is very large. Note that in 

models that there are   variables to estimate the model, each variable can be 

an appropriate estimator for the dependent variable. In this case,   is a     
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matrix, where     . If m is not very small, the number of parameters in   is 

very large, and the computations are very slow and complex. Therefore, a fully 

Bayesian approach to dynamic models is really hard and almost impossible. 

In this research, the approach proposed by Raftery et al. (2010) is used. 

This approach enables us to increase the forecast accuracy of estimated space-

state models using the Kalman filter. (Tsionas et al.,2019) 

The DMA approach introduced by Raftery et al. (2010) includes two 

parameters   and   called forgetting factors. For the fixed    and   , standard 

filtering results can be used for recursive estimation or forecast. Kalman 

filtering is initiated by the following expression. 

    | 
        ̂    ∑      |                                (8) 

In expression (17),  ̂    and ∑   |    are calculated via a standard 

manner since these values are functions of    and   . Then, the Kalman 

filtering process is continued based on the following relation. 

  | 
        ̂    ∑   |            (9) 

Since ∑      |   ∑       |   , for simplicity, Raftery et al. (2010) replaced 

∑      |   ∑       |    with ∑  
 

 
∑   |    |   . Accordingly,       

    ∑   |    with      . 

In the econometrics, the forgetting factors approach was used by Doan et 

al. (1980) after the TVP-sVAR method because of its limited estimation power. 

The name forgetting factors is due to the fact that observations of the previous 

  periods had the weight   . A value close to 1 for   represents a more gradual 

variation. Choosing an appropriate value for   is very important, and it is 

usually assumed between 90 to 99 per cent.  

Note that by replacing the equation and simplicity,    is not required to 

be estimated and simulated, and, instead, sufficient potential for estimating    

will exist. The model estimation will be complete by constant estimators and 

updating function below. 

  | 
      ̂  ∑    |                                                                                                      (10) 

where 

 ̂   ̂    ∑   (     ∑  ́  |   )
  

(      ̂   ) |           (11) 

∑  ∑   |   ∑   (     ∑  ́  |   )
  

  ∑  |    |    |                                          (12) 
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The following relation is used to implement recursive forecast by the 

predictive distribution. 

  | 
     (   ̂         ∑  ́  |   )                                                                      (13) 

In this research, the approach proposed by Raftery et al. (2010) is used in 

which a forgetting factor   is introduced for the state equation and different 

estimation models. This forgetting factor can be compared with the forgetting 

factor of the state equation for parameters, i.e.,  . Similar to the DMA 

approach, the results are as follows. 

       |       ∑        
   ⌊                             

                       (14) 

The expression        
   ⌊              is obtained by equation (26). For 

convenience, we assume   ⌊             |    . Accordingly, we have 

                    ⌊     . 

If we use the infinite matrix of probability transitions P with elements    , 

the forecast function of the model is as follows. 

  ⌊      ∑     |     
 
                                                                                          (15) 

Raftery et al. (2010) replaced the equation above by the following one. 

  ⌊      
    |     

 

∑     |     
  

   

                                                                                    (16) 

Whenever      ,   will have a behavior similar to that of  . The use 

of   has the great advantage that it does not require the MCMC algorithm, and, 

further, a simple way for evaluation and comparison with updating function of 

Kalman filter is created. The updating function is as follows: 

  ⌊    
  ⌊     

       | 
     

∑   ⌊     
       |       

   

                                                                               (17) 

where       | 
     is the posterior predictive distribution for model   

(normal distribution in equation (26)), which is estimated in terms of  . The 

recursive forecast can be obtained by weighted averaging using the weights 

  ⌊      across posterior outcomes of each model. Therefore, the point forecasts 

for DMA are estimated as follows. 

     | 
      ∑   |     

 
     

   
 ̂   

   
                                                           (18) 

In the DMS approach, a model having the highest value of   ⌊      in 

each point of time is selected. To better understand the forgetting factor  , note 
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that this specification denotes the weight each model has at each time, as 

presented below. 

  |        [    |             | 
     ]

 
   ∏ [        | 

       ]
  

   
         (19) 

Therefore, whenever the  th model has been forecasted good in past 

periods, it has a higher weight (the forecast is evaluated by the posterior 

predictive distribution         | 
      ). The interpretation of the current 

period is controlled by the forgetting factor  , and, similar to  , an exponential 

decrease in the rate of    exists for observations of the previous   periods. 

Accordingly, if       , the performance of the forecast in the recent five 

periods has a weight equal to 80% of the current period. Also, if       , the 

performance of the forecast in the recent five periods has a weight equal to 

35% of the last period. Therefore, when    ,   ⌊      is measured strictly 

based on the marginal likelihood of the period    . This approach, called 

BMA. If    , BMA uses the linear forecast model with constant coefficients 

over time
1
. Then, the recursive estimation of the model presented is initiated by 

previous values for   ⌊    and   
    

 (         ). The only point left is how 

to calculate   . Raftery et al. (2010) assumed   
   

      and proposed to use 

a fixed estimation instead. Nevertheless, to forecast some variables, the 

variance of error across time is required. Theoretically, we can use a stochastic 

volatilities model or ARCH for   
   

. However, this approach increases the 

computation domain substantially. Accordingly, the present research uses an 

Exponentially Weighted Moving Average (EWMA) method to obtain   
   

. 

 ̂ 
     

 √       ∑            
   

 ̂ 
   

    
                                              (20) 

EWMA estimators are often used in time-varying volatility models in 

financial sections. Here,   is a discount factor. See Risk Metrics (1996) for a 

discussion on these models. In the Risk Metrics, the value of   was assumed 

0.97 for monthly data, 0.98 for seasonal data, and 0.94 for daily data. One of 

the advantages of the EWMA approach is that it is estimated by a recursive 

formula, which can be used to forecast volatilities. The forecast for period 

    based on the information of the period   is as follows: 

                                                 
1 In this research, this approach also is used, examined, and compared as an alternative to the 
DMA approach. 
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 ̂   | 
     

   ̂ |   
     

      (     
   

 ̂ 
   

)
 

                                               (21) 

In this model, the variables, based on which the dependent variable is 

estimated, are used in different time horizons.                                               (22) 

To examine a forecasting model or choosing the best model among 

different models for time-series, an indicator is required by which we decide on 

the acceptance or rejection of the model. Generally, the more the forecasted 

values ( ̂ ) are close to their actual values (  ), the higher the accuracy of the 

model is. Therefore, the quality of a model can be assessed by the forecast 

error (    ̂ ). Accordingly, since one of the objectives of the present study is 

to compare the performance of forecasting methods, we use two criteria, 

namely, mean squared forecast error (MSFE) and mean absolute forecast error 

(MAFE), as follows. 

     
∑ [        |         ]

  
    

      
                                                                   (23) 

     
∑ [        |         ]

 
      

      
                                                                 (24) 

where         stands for information obtained from the period    ,   

is the period of forecast, and      |         is the point forecast of   
  

(Mehmet et al. 2018). 

Research findings 

In this section, the impact of variables affecting stock return over time is 

estimated. Since one of the effective factors is financial condition index, first, 

we attempt to identify important factors affecting this index. To measure FCI, 

we should derive the weights. For this purpose, the demand equation, which 

contains all monetary transmission mechanisms, should be estimated. Thus, 

according to Goodhart and Hofmann (2001) and Zulhkibr (2011) and regarding 

the specific conditions of Iran’s economy, the aggregate demand function is 

expended. Accordingly, the impact of the exchange rate, inflation rate, stock 

returns, changes in bank deposits, housing prices, credit volume, and oil 

revenue index (since the country’s economy depends on oil revenues) are 

incorporated in the model. 

In the following, the results of the TVP-DMA approach are presented to 

estimate the financial condition index. Table 1 represents the values of MAFE 

and MSFE obtained by the estimation of DMA and DMS. 
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Table 1. A comparison of different models based on the Kalman filter 

MSFE MAFE Parameters Flexibility Values 

37/232  1/3  DMA  =   = 99/0  

17/141  58/4  DMS   =   = 99/0  

459/140  12/1  DMA   =   = 90/0  

15/91  317/7  DMS   =   = 90/0  

7/211  31/1  DMA   =   = 98/0  

004/104  71/4  DMS   =   = 98/0  

98/142  11/1  DMA   = 99/0 ;   = 90/0  

371/107  13/4  DMS   = 99/0 ;   = 90/0  

429/203  34/1  DMA   = 99/0 ;   = = 98/0  

589/93  441/4  DMS  = 99/0 ;   = = 98/0  

257/719  03/3  DMA   = 90/0   = 99/0  

19/71  71/7  DMS   = 90/0 ;   = 99/0  

101/292  038/3  DMA   = = 98/0    = 99/0  

131/140  883/4  DMS   = = 98/0 ;   = 99/0  

794/215  093/3  DMA   = 1   = 99/0  

203/112  134/8  DMS   = 1;   = 99/0  

95/204  34/1  DMA   = 1   = 98/0  

55/95  82/4  DMS   = 1;   = 98/0  

47/147  12/1  DMA   = 1   = 90/0  

01/111  51/4  DMS   = 1;   = 90/0  

2/230  12/3  DMA 𝜶 = 99/0 ;   = 1 

09/142  32/4  DMS 𝜶 = = 99/0 ;   = 1 

251/251  018/3  DMA 𝜶 = 98/    = 1 

301/178  78/4  DMS 𝜶 = 98/0 ;   = 1 

173/703  07/3  DMA 𝜶 = 90/    = 1 

05/25  24/7  DMS 𝜶 = 90/0 ;   = 1 

359/211  123/3  DMA 𝜶 = 1;   = 1 

843/147  51/4  DMS 𝜶 =1;   = 1 

MSFE MAFE Parameters Flexibility Values 

37/232  1/3  DMA  =   = 99/0  

17/141  58/4  DMS   =   = 99/0  

459/140  12/1  DMA   =   = 90/0  

15/91  317/7  DMS   =   = 90/0  

7/211  31/1  DMA   =   = 98/0  

004/104  71/4  DMS   =   = 98/0  

98/142  11/1  DMA   = 99/0 ;   = 90/0  

371/107  13/4  DMS   = 99/0 ;   = 90/0  

429/203  34/1  DMA   = 99/0 ;   = = 98/0  

589/93  441/4  DMS  = 99/0 ;   = = 98/0  

257/719  03/3  DMA   = 90/0   = 99/0  

19/71  71/7  DMS   = 90/0 ;   = 99/0  

101/292  038/3  DMA   = = 98/0    = 99/0  
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Since variations of   and   usually range between 0.90 and 1, all relevant 

cases have been presented in Table 1. The results in Table 1 indicate that the 

DMA & DMS  = 99/0 ;   90 /0 = model, has higher accuracy. Therefore, the 

rest of the results are calculated based on this model.  

The total impact of each variable in the whole of periods is specified by 

the number of periods that the target variable has affected the financial 

condition index. The results of the TVP-DMA model are presented in Table 2. 

Table 2. Prioritization of variables affecting the aggregate demand 

 Variable Index 

Number of 

affecting 

periods 

Priority 

1 First Lag of Exchange rate er_1 11 6 

2 Current period exchange rate er_0 75 11 

7 Current period inflation P_0 11 7 

4 First Lag of inflation P_1 79 10 

1 Current period housing H_0 17 4 

6 First Lag of housing H_1 11 1 

3 Current period bank deposit sr_0 21 17 

5 First Lag of bank deposit sr_1 23 12 

9 Current period stock return gy_0 41 9 

10 First Lag of istock return gy_1 44 5 

11 Current period credit volume DD_0 16 1 

12 First Lag of credit volume DD_1 15 2 

17 Current period oil revenue TROIL_0 22 14 

14 First Lag of oil revenue TROIL_1 10 3 

 

131/140  883/4  DMS   = = 98/0 ;   = 99/0  

794/215  093/3  DMA   = 1   = 99/0  

203/112  134/8  DMS   = 1;   = 99/0  

95/204  34/1  DMA   = 1   = 98/0  

55/95  82/4  DMS   = 1;   = 98/0  

47/147  12/1  DMA   = 1   = 90/0  

01/111  51/4  DMS   = 1;   = 90/0  

2/230  12/3  DMA 𝜶 = 99/0 ;   = 1 

09/142  32/4  DMS 𝜶 = = 99/0 ;   = 1 

251/251  018/3  DMA 𝜶 = 98/    = 1 

301/178  78/4  DMS 𝜶 = 98/0 ;   = 1 

173/703  07/3  DMA 𝜶 = 90/    = 1 

05/25  24/7  DMS 𝜶 = 90/0 ;   = 1 

359/211  123/3  DMA 𝜶 = 1;   = 1 

843/147  51/4  DMS 𝜶 =1;   = 1 
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According to the results, credit volume in the current period and the first 

lag, inflation rate in the current period, housing price in the current period, and 

credit volume in the first lag were the most effective factors of aggregate 

demand. The probability with which each variable affects the aggregate 

demand in various periods is now considered. These probabilities help policy-

makers to have a true insight into how and to what extent a policy affects the 

aggregate demand when implementing that policy. 

 

Finally, the FCI is measured in terms of the coefficients of the seven 

variables above in the current period and previous lag multiplied by the 

probability of the variable being effective in the target index. In other words, 

for example for the year 1991 the FCI is obtained as follows: 

FCI 1991-1 = The share of inflation from the total coefficients in the 

current period of the first season in the year 1991×The probability of inflation 

occurring in the current period of the first season in the year 1991×Inflation in 

the current period of the first season in the year 1991+The share of inflation 

from the total coefficients in the first lag of the first season in the year 

1991×The probability of inflation occurring in the first lag of the first season in 

the year 1991×Inflation in the first lag of the first season in the year 1991+The 

share of exchange rates from the total coefficients in the current period of the 

first season in the year 1991×The probability of exchange rates occurring in the 

current period of the first season in the year 1991×Exchange rates in the 

current period of the first season in the year 1991+The share of exchange rates 

from the total coefficients in the first lag of the first season in the year 

1991×The probability of exchange rates occurring in the first lag of the first 

season in the year 1991×Exchange rates in the first lag of the first season in the 

year 1991+The share of housing prices from the total coefficients in the current 

period of the first season in the year 1991×The probability of housing prices 

occurring in the current period of the first season in the year 1991×Housing 

prices in the current period of the first season in the year 1991+The share of 

housing prices from the total coefficients in the first lag of the first season in 

the year 1991×The probability of housing prices occurring in the first lag of the 

first season in the year 1991×Housing prices in the first lag of the first season 

in the year 1991+The share of oil revenues from the total coefficients in the 

current period of the first season in the year 1991×The probability of oil 

revenues occurring in the current period of the first season in the year 

1991×Oil revenues in the current period of the first season in the year 

1991+The share of oil revenues from the total coefficients in the first lag of the 
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first season in the year 1991×The probability of oil revenues occurring in the 

first lag of the first season in the year 1991×Oil revenues in the first lag of the 

first season in the year 1991+The share of stock returns from the total 

coefficients in the current period of the first season in the year 1991×The 

probability of stock returns occurring in the current period of the first season in 

the year 1991×Stock returns in the current period of the first season in the year 

1991+The share of stock returns from the total coefficients in the first lag of 

the first season in the year 1991×The probability of stock returns occurring in 

the first lag of the first season in the year 1991×Stock returns in the first lag of 

the first season in the year 1991+The share of bank deposit rates from the total 

coefficients in the current period of the first season in the year 1991×The 

probability of bank deposit rates occurring in the current period of the first 

season in the year 1991×Bank deposit rates in the current period of the first 

season in the year 1991+The share of bank deposit rates from the total 

coefficients in the first lag of the first season in the year 1991×The probability 

of bank deposit rates occurring in the first lag of the first season in the year 

1991×Bank deposit rates in the first lag of the first season in the year 

1991+The share of credit volumes from the total coefficients in the current 

period of the first season in the year 1991×The probability of credit volumes 

occurring in the current period of the first season in the year 1991×Credit 

volumes in the current period of the first season in the year 1991+The share of 

credit volumes from the total coefficients in the first lag of the first season in 

the year 1991×The probability of credit volumes occurring in the first lag of 

the first season in the year 1991×Credit volumes in the first lag of the first 

season in the year 1991 

A similar formula is used for subsequent seasons and years. Note that if a 

variable has a zero coefficient or occurrence probability, it is removed 

systematically from the FCI. After measuring the FCI, the impact of this 

variable on stock returns is examined. 

Results of TVP-DMA and factors affecting stock returns 

In this section, the results of the TVP-DMA approach are presented. 

Table 3 shows the indices of the goodness-of-fit to determine the optimal 

model. The values of forecast log-likelihood, MAFE, and MSFE for the 

various DMA and DMS models are presented. 
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Table 3. Comparison of different models by the Kalman filter 

log(P

L) 

MS

FE 

MA

FE 

Forecasting 

Method 
log(PL) MSFE MAFE Forecasting Method 

0441

2-  

097/

0 

171/

0 

DMA   = 1   = 

0. 99 
04226-  040/0  119/0  DMA  =   = 0. 99 

0471

4-  

041/

0 

121/

0 

DMS   = 1;   

= 0. 99 
04153-  071/0  124/0  DMS   =   = 0. 99 

0471

1-  

067/

0 

174/

0 

DMA   = 1   = 

0. 95 
04711-  046/0  171/0  DMA   =   = 0. 90 

0441

2-  

079/

0 

114/

0 

DMS   = 1;   

= 0. 95 
04722-  041/0  127/0  DMS   =   = 0. 90 

0441

7-  

012/

0 

125/

0 

DMA   = 1   = 

0. 90 
04710-  047/0  172/0  DMA   =   = 0. 95 

0479

5-  

046/

0 

116/

0 

DMS   = 1;   

= 0. 90 
04731-  073/0  142/0  DMS   =   = 0. 95 

0415

3-  

040/

0 

113/

0 

DMA 𝜶 = 0.99 

𝜷 = 1 
04244-  011/0  141/0  DMA   = 0. 99;   = 0. 90 

0474

1-  

074/

0 

103/

0 

DMS 𝜶 = 0.99; 

𝜷 = 1 
04714-  041/0  123/0  DMS   = 0. 99;   = 0. 90 

0472

1-  

075/

0 

113/

0 

DMA 𝜶 = 0.95 

𝜷 = 1 
04291-  041/0  129/0  DMA   = 0. 99;   = 0. 95 

0441

2-  

077/

0 

101/

0 

DMS 𝜶 = 0.95; 

𝜷 = 1 
04744-  079/0  103/0  DMS   = 0. 99;   = 0. 95 

0420

9-  

029/

0 

032/

0 

DMA 𝜶 = 0.90 

𝜷 = 1 

(calculating 

FCI with 

variable 

coefficients in 

optimal model) 

04722-  073/0  159/0  DMA   = 0. 90   = 0. 99 

0421

4-  

016/

0 

061/

0 

DMS 𝜶 =0.90; 

𝜷 = 1 
 (calculating 

FCI with 

variable 

coefficients in 

optimal model) 

04234-  071/0  095/0  DMS   = 0. 90;   = 0. 99 

0474

1-  

046/

0 

116/

0 

DMA 𝜶 = 1; 𝜷 

= 1 
04211-  061/0  124/0  DMA   = 0. 95   = 0. 99 

0471

4-  

071/

0 

110/

0 

DMS 𝜶 =1; 𝜷 = 

1 
04729-  

0512/

0 
142/0  DMS   = 0. 95;   = 0. 99 

0431

4-  

271/

1 

095/

7 

DMA 𝜶 = 0.90 

𝜷 = 1  
(calculating 

FCI with 

constant 

04551-  216/2  327/1  

DMS 𝜶 =0.90; 𝜷 = 1  
(calculating FCI with 

variable coefficients in 

optimal model) 
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coefficients in 

optimal model) 

1431

7-  

512/

7 

705/

4 

DMA 𝜶 = 0; 𝜷 

= 0=OLS 
(calculating 

FCI with 

constant 

coefficients in 

optimal model) 

14711-  205/7  719/2  

 DMS   =0,   = 0=OLS 
(assuming all variables 

affecting stock return, 

constant) 

The results shown in Table 4 indicate that models DMS 𝜶 =0.90; 𝜷 = 1 

and DMA 𝜶 = 0.90 𝜷 = 1 have the highest accuracy, and, accordingly, other 

results are calculated based on these models. 

The penultimate row shows the estimation results without the flexibility 

of coefficients of the financial condition index in the optimal model. As seen in 

this row, compared with the case in which the flexibility is incorporated for the 

coefficients, the estimation error is higher. Consequently, flexible coefficients 

improve the results of the forecast. The last row represents the results of the 

case in which the coefficients of all variables affecting stock returns are not 

considered flexible. This row, which is equivalent to the estimates of the OLS 

approach, reveals that the estimation error is very high without the flexibility of 

the coefficients. Therefore, considering flexible coefficients for variables 

improves the forecasting results. 

The number of periods (rows) in which a variable has been effective in 

stock returns should be counted. These numbers represent the overall impact of 

each variable in the whole period. For example, the liquidity growth rate 

appears in 30 periods in table 4, but the exchange rate is present in 49 periods. 

The results are summarized in Table 4. 

               Table 4. Prioritization of variables affecting stock returns 

 Variable Index 
Periods of 

effectiveness 
Priority 

1 Misery Index unp_0 21 3 

2 Exchange Rate er_0 14 6 

7 Liquidity Growth m_0 33 2 

4 Economic Growth gdp_0 61 1 

1 FCI sr_0 35 7 

6 Oil Revenues troil_0 61 4 

3 Unemployment Rate un_0 19 5 

5 Budget Deficit bd_0 91 1 

According to the results, budget deficit, financial condition index, oil 
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revenues, economic growth, exchange rates, liquidity, unemployment, and 

misery index have been the most important factors of stock returns in the 

period studied. 

The probability of each variable being effective in stock returns in various 

periods has been considered. These probabilities help policymakers to have a 

true insight into how and to what extent a target policy affects stock returns. 

Regarding the coefficients and occurrence probabilities of the variables 

affecting stock returns, an out-of-sample forecast of stock returns is carried out. 

Note that, in each period, each variable that has had an occurrence probability 

higher than 50% has been incorporated in the model in estimating the 

coefficient of that period. In other words, the coefficient for a target period has 

been calculated based on the variables affecting stock returns in that period. 

 

Fig1. The actual and out-of-sample predicted values using the outputs of the optimal model 

According to the results, the out-of-sample forecast of stock returns 

indicates a positive and increasing future trend for this variable. 

Conclusion and policy recommendations 

The results indicate that stock returns are affected by economic growth 

and budget (real variables) and financial condition index and oil revenues 

(nominal variables) simultaneously. Accordingly, the stock returns forecast for 

Iran is a multidimensional and complex process, and an accurate forecast of the 

future trend in this market is not possible merely by implementing financial 

and monetary policies (demand-side policies), which only change the demand 

and affect nominal variables in the long run. 
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On the other hand, a high probability of variables being affective in stock 

returns in different periods indicates that various factors affect stock returns in 

each period. Therefore, a systemic view is required to provide a more realistic 

understanding of the effective factors of stock returns to improve the state of 

the stock market. 

Regarding the implications on the positive impact of economic growth 

and inflation on stock returns, implementation of demand-side policies is 

recommended to be considered because these policies, besides increasing 

production and employment, reduce inflation and thus improve stock returns.  

Regarding the negative impact of financial condition index on stock 

returns, the expansion of financial condition policies, establishment of 

specialized stock exchange markets, and development of financing methods for 

firms active in stock exchange are required to be planned.  

The results indicate that the FCI can forecast future levels of stock returns 

with higher accuracy. Accordingly, overlooking this variable not only means 

missing this effective information, but also leads to a bias in analyses of the 

central bank and stock exchange 

Funding: This research received no external funding. 

References 

Atrkar roshan Sedigheh, Mahboobi Motahareh (2016), Extracting Financial 

Condition Index for Iran, Journal of Economic Modeling Research,147-174.  

Barberis, Nicholas, Thaler, Richard. (2003). “A Survey of Behavioral Finance”, 

Handbook of the Economics of Finance, Elsevier Science B.V. 

Bovin J.; Kiely, M. and Mishkin, F. (2010); How Has the Monetary 

Transmission Mechanism Evolved?, Finance and Economics Discussion Series, 

Divisions of Research & Statistics and Monetary Affairs, Federal Reserve Board, 

Washington, D. C . 

Brennan, G. & Buchanan, J. (1998). The power to tax: analytical foundations of 

fiscal constitution, Cambridge: Cambridge University Press. 

D.j. Poirier. Intermediate Statistics and Econometrics, MIT Press, Cambridge 

1995. 

Doan, T., Litterman, R. and Sims, C. (1984). Forecasting and Conditional 

Projection Using Realistic Prior Distributions.Econometric Reviews 3, 1-100. 

Erdem M, Tsatsaronis K. Financial conditions and economic activity: A 



142 

  

Iranian Journal of Finance, 2020, Vol. 4, No. 1 (Sadat, A) 

statistical approach, Quarterly Review. 2013; 37−51 

Fama, E.F. (1981) Stock Returns, Real Activity, Inflation, and Money. American 

Economic Review, 71, 545-565. 

Gonzales-Debuque, Margarita; Gochoco-Bautista, Maria Socorro. 2013. 

Financial Conditions Indexes for Asian Economies. © Asian Development Bank. 

http://hdl.handle.net/11540/2083. License: CC BY 3.0 IGO. 

Goodhart, C. (2001), “What Weight Should Be Given To Asset Prices In The 

Measurement Of Inflation?” The Economic Journal, 111, Pp 335-56 

Goodhart, C. And Hofmann, B. (2003), “Asset Prices, Financial Conditions, And 

The transmission Of Monetary Policy”, Paper Presented At The Conference On Asset 

Prices, Exchange Rates And Monetary Policy, Stanford University, March 2-3, 2001. 

Gower, G. (1997). “Bayesian Econometrics”. John Wiley & Sons Ltd, England. 

Goyal, Amit, and Ivo Welch)2008(, A comprehensive look at the empirical 

performance of equity premium prediction, Review of Financial Studies 21, 1455–

1508. 

Hatzius, Jan, Hooper, Peter, . Mishkin. Frederic S, Schoenholtz, , Kermit L, 

Watson, Mark W. ( 2010), Financial Conditions Indexes: A Fresh Look after the 

Financial Crisis, NBER Working Paper No. 16150, 

http://www.nber.org/papers/w16150 

Hoeting, J. A., D. Madigan, A. E. Raftery & C. T. Volinsky. (1999). Bayesian 

Model Averaging: A Tutorial. Statistical Science, 14(4): 382- 417. 

Hoogerheide,  L.,  R.  Kleijn,  F.  Ravazzolo,  H.  van  Dijk and  M.  Verbeek,  

(2009(,  "Forecast  Ac-curacy and  Economic  Gains from  

BayesianModel  Averaging  Using  Time-VaryingWeights”,  Journal of Forecasting, 

Vol. 29, pp. 251-269.  

Hummaira Jabeenm and M. Nadeem Qureshi, Financial Condition Index (FCI) 

for the Pakistan, Indian Journal of Science and Technology, Vol 12(21), DOI: 

10.17485/ijst/2019/v12i21/144089, June 2019 

Jeffreys, H. S. (1961). Theory of Probability (Third edition). Oxford: Clarendon 

Press. 

Koop Gary and Korobilis Dimitris, 13 March 2011, A New Index of Financial 

Conditions, MPRA Paper No. 45463, posted 23 March 2013 16:40 UTC 

Koop,  G.  and  D.  Korobilis,  (2013),  “A  New  Index  of  Financial  Condition

s”, European Economic Review, Vol. 71, pp. 101-116.  

G. Kapetanios et al., A UK financial conditions index using targeted data 

reduction: Forecasting and structural identification, Econometrics and Statistics 

(2018), https://doi.org/10.1016/j.ecosta.2017. 

http://www.nber.org/papers/w16150


143 

 

Dynamic relationships between financial conditions index 

Leamer, E. (1978). Specification Searches, New York: John Wiley and Sons. 

Mehmet Balcilar, Rangan Gupta, Reneé van Eyden, Kirsten Thompson, 

Anandamayee Majumdar, Comparing the forecasting ability of financial conditions 

indices: The case of South Africa, The Quarterly Review of Economics and Finance, 

Volume 69,2018, Pages 245-259, 

Pastor L. Stambaugh R.F. (1999). Liquidity risk and expected stock returns, 

Journal of Political Economy 2003; 111: 642-685. 

Raftery, A., Karny, M. and Ettler, P. (2010), Online Prediction Under Model 

Uncertainty Via Dynamic Model Averaging: Application to a Cold Rolling Mill, 

Technimetrics, 52-66. 

Taheri Bazkhaneh, Saleh and Ehsani, Mohammad Ali and Gilak Hakim Abadi, 

Mohammad TaghiThe Investigating of the Dynamic Relationship between Financial 

Cycles with Business Cycles and the Inflation Gap in Iran: An Application of Wavelet 

Transform, Quarterly Journal of Economic Growth and Development Research, 

volume 9, number 33, pages 121-140, year 2018. 

Tsionas, M., M. Izzeldin, and L. Trapani (2019). Copula-based Bayesian 

estimation of large multivariate stochastic volatility models. Technical report. 

Zulkhibri, Abdul Majid Muhamed (2011), Islamic Development Bank, 

Measuring Monetary Conditions In A Small Open Economy: The Case Of Malaysia, 

Jeep3,4, Pp.218-30  

 

 

 

 

 

Bibliographic information of this paper for citing: 

Sadat, Amin; Abbasi, Ebrahim & Ghalibaf Asl, Hasan (2020). Dynamic 

relationships between financial conditions index and stock returns. Iranian 

Journal of Finance, 4(1), 123-144. 

 

Copyright © 2020, Amin Sadat, Ebrahim Abbasi and Hasan Ghalibaf Asl  


