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Abstract 

This work attempted to model the structure of a typical time series data of export prices of Indian shrimps 

to USA. The study also measured the volatility and forecasted the means and variances of Indian shrimp 

export prices to USA. Based on the availability of data, the black tiger (Penaeus monodon), white legged 

shrimp (Litopenaeus vannamei ) headless, shell on form, grade 16/20 were considered for the study. 

Weekly price data were collected from price indicators of marine products exports (PRIME) of Marine 

products Exports Development Authority of India (MPEDA) for 204 weeks. Among the various models 

used, the results of the Exponential Generalized Autoregressive Conditional Heteroscedasticity 

(EGARCH) model yielded a lower RMSE value. Therefore the capacity of EGARCH model to capture 

asymmetric volatility in comparison to ARIMA, ANN and GARCH was higher. Again the GARCH 

model was found more suitable to estimate the future values of standard deviation for which the value at 

risk (VAR) is derived. The predicted standard deviation from GARCH model were compared with 

standard deviation calculated from the extended data indicated similar results, thus reinforcing that 

GARCH model is most suitable for predicting volatility. 

Keywords: ANN, ARIMA, Indian Shrimps, EGARCH, GARCH, Volatility and forecasting. 

Introduction 

Indian seafood exports after a sustained increase in the last few years, declined in 2015-16. It has dropped 

by 10 per cent in quantity and 9 per cent by value compared to the previous year, when 

seafood exports from India touched an all-time- high of INR 33,441.61 crore for the year 2014-15, 

recording a growth of 11 per cent over 2013-14. The volumes at 10,51,243 tonnes showed a growth of 7 

per cent. In dollar terms the export value stood at $5.51 billion, up by 10 per cent year-on-year. (MPEDA, 

2015).  

Geetalakshmi (2010) has recorded that shrimp is the flagship seafood export product from India. India has 

2.43% share in the 65 USD billion world’s seafood market making it the 4
th

 largest exporter of shrimp in 

Asia. The stunning downturn in production and export of shrimp from Thailand estimated at more than 

30% in the region opened the door or India to assume a position of greater influence in global shrimp 

trade. An equally significant consideration was shrimp, the adoption of Pacific white shrimp in 2009 by 

India which has become the most prominent species produced by India’s growing Aquaculture sector 

(Wright, 2015). According to USA National Oceanic and Atmospheric Administration (NOAA) shrimp 

imports in all forms from India in 2014 exceeded to 219 million pounds above 16% more than the same 

period in 2013. Another significant factor that helped India to gain a major share of the USA shrimp 

market based on reliability of Indian exporters. The time series of seafood prices like many agricultural 

commodities are inherently volatile and noisy by nature. Since, price data of Indian shrimp exports to 

USA was available on a time series basis and also because USA was one of the premier markets for 

Indian shrimp. This study was conducted with the aim of modeling and forecasting the Indian shrimp 

export price to the USA. 

Two major species mainly Black tiger (Penaeus monodon), white legged shrimp (Litopenaeus Vannmei) 

headless, shell on form, grade 16/20 were considered for the study. In this study the various techniques of 

forecasting prices and volatility and its transmission is reviewed and estimated for shrimp export prices to 

mailto:nehaq@
mailto:mkrishnan@cife.edu.in
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the USA. This research study has examined the Auto Regressive Integrated Moving-Average (ARIMA) 

model, transfer function, Artificial Neural Networks (ANN) models, Generalized Autoregressive 

Conditional Heteroscedastic (GARCH) model and Exponential GARCH (EGARCH) model along with 

their estimation procedures for modeling and forecasting of two price series, namely Head Less Shell on 

form of L. vannamei and Head less Shell on Black tiger 16/20 grade weekly export prices to USA from 

2011-2014.  

The study has attempted to address the following objectives:  

1. Model the structure of a typical export price series of Indian shrimps to the USA 

2. Measure volatility in the export prices of Indian shrimps to the USA 

3. Forecasts means and variances of Indian shrimp export prices to USA.  

 

 Data and Methodology  

 

The study is based on the time series data of 204 weeks on price series of marine products exports 

(PRIME) reports of Marine Products Export Development Authority of India (MPEDA), India from 

2011-2014. Data of eight weeks of 2015 were again used to validate the model. 

It is a well-established fact that the price volatility can destabilize farm income and restrict the farmers 

from making investments and using resources optimally (Schenepf, 1999). To deal with 

heteroscedasticity, the popular and non-linear model is the autoregressive conditional heteroscedastic 

(ARCH) model, proposed by Engle (1982). The model was generalized by Bollerslev (1986) in the form 

of Generalized ARCH (GARCH) model for parsimonious representation of ARCH. In the GARCH 

model, the conditional variance is also a linear function of its own lags. As in ARCH, this model is also a 

weighted average of past squared residuals, but it has declining weights that never go completely to zero. 

The GARCH models are widely used for modeling and forecasting of economic and financial series. 

Since two decades, the non-linear models have been widely used by various researchers who have found 

different combinations of AR-GARCH models appropriate for different situations (Jordaan et al., 2007; 

Paul et al., 2009; Sundaramoorthy et al., 2014). But, the most widely used GARCH specification is the 

GARCH (1, 1) model in the time-series forecasting. 

The GARCH model due to its nature of dealing with only magnitude not the positivity or negativity of the 

shocks, has turned out to be relatively inefficient to model and forecast such series. Thus, the need for 

extension of the GARCH family model was felt and was first answered by Nelson (1991) in the form of 

exponential GARCH (EGARCH) model, which not only considers the magnitude of the shock but also its 

negativity and positivity. A good description of these models has been given by Fan and Yao (2003) and 

Tsay (2005). 

ARIMA MODEL 

A generalization of ARMA models which incorporates a wide class of non-stationary time-series is 

obtained by introducing the differencing into the model. The simplest example of a non-stationary process 

which reduces to a stationary one after differencing is Random Walk. A process {yt} is said to follow an 

Integrated ARMA model, denoted by ARIMA (p, d, q), if  

                    is ARMA (p, q). The model is written as Equation (1):  

                                 ………… (Eq.1) 

where,                 and WN indicates white noise. 

The integration parameter d is a non-negative integer. When d = 0, ARIMA (p, d, q) ≡ ARMA (p, q). The 

ARIMA methodology is carried out in three stages, viz. identification, estimation and diagnostic 

checking. Parameters of the tentatively selected ARIMA model at the identification stage are estimated at 

the estimation stage and adequacy of tentatively selected model is tested at the diagnostic checking stage. 

If the model is found to be inadequate, the three stages are repeated until satisfactory ARIMA model is 
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selected for the time-series under consideration. An excellent discussion of various aspects of this 

approach is given in Box et al. (2007). Most of the standard software packages, like R, SAS, SPSS and E-

Views contain programs for fitting of ARIMA models. 

Transfer Function Model 

Univariate ARIMA models are useful for analysis and forecasting of a single time series. In such 

situations we can relate the series to its own past and do not explicitly use the information contained in 

other pertinent time series however a time series is not only related to its own past but may also be 

influenced by the present and past values of other time series. The models that can accommodate such 

situations are referred as the transfer function models (Box et al ,1994). Transfer function model, which 

are extensions of familiar linear regression models have been widely used in various fields of research. 

Because of its close relationship with regression models, transfer function models are also referred to as 

dynamic multivariate time series models (Pankratz , 1983). 

GARCH MODEL 

The ARCH(q) model for the series {  } is defined by specifying the conditional distribution of {  }  

given the information available up to time t-1 . Let ψt-1 denote this information. ARCH (q) model for the 

series {  } is given by 

                          ………………………. (Eq. 2) 

          ∑      
 
       

   …………………………. (Eq. 3) 

where, a0 >, ai ≥ 0, for all i and  ∑     
 
      are required to be satisfied to ensure non-negative and 

finite unconditional variance of stationary {  } series. 

However, ARCH model has some drawbacks. Firstly, when the order of ARCH model is very large, 

estimation of a large number of parameters is required. Secondly, conditional variance of ARCH(q) 

model has the property that unconditional autocorrelation function (ACF) of squared residuals; if it exists, 

decays very rapidly compared to what is typically observed, unless maximum lag q is large. To overcome 

the weaknesses of ARCH model, Bollerslev (1986) proposed the Generalized ARCH (GARCH) model in 

which conditional variance is also a linear function of its own lags and has the following form : 

          
   

 

   =           ∑   
 
         

   ∑     
 
                      ……………………. (Eq. 4) 

where, ξt ~ IID(0,1). A sufficient condition for the conditional variance to be positive is: 

   > 0, ai ≥ 0, i = 1,2,...,q. bj ≥ 0, j = 1,2,..., p 

The GARCH (p, q) process is weakly stationary if and only if  

∑  

 

   

  ∑    

 

   

   

The conditional variance defined by Equation (4) has the property that the unconditional autocorrelation 

function of {   } ; if it exists, can decay slowly. For the ARCH family, the decay rate is too rapid 

compared to what is typically observed in financial time-series, unless the maximum lag q is long. As 

Equation (4) is a more parsimonious model of the conditional variance than a high-order ARCH model, 

most users prefer it to the simpler ARCH alternative. 

The most popular GARCH model in applications is the GARCH (1,1) model. To express GARCH model 

in terms of ARMA model, we denote       
       . Then from Equation (4), we get, 

 

  
         ∑    

        
              

       ∑     
 
            …………………. (Eq. 5) 
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Thus, a GARCH model can be regarded as an extension of the ARMA approach to squared series 

{  
 }. Using the unconditional mean of an ARMA model, we have 

 

 

    
     

  

   ∑          
 

        
   

   ………………………… (Eq. 6) 

 

which shows that the denominator of the prior fraction is positive. 

EGARCH MODEL 

The EGARCH model was developed to allow for asymmetric effects between positive and negative 

shocks on the conditional variance of future observations. Another advantage, as pointed out by Nelson 

and Cao (1992), is that there are no restrictions on the parameters. In the EGARCH model, the 

conditional variance, ht, is an asymmetric function of lagged disturbances. The model is given by  

          
   

 

 

              
              

   

                          ………………………….. (Eq. 7) 

Where, 

        {
              |   |              

            |  |              
} 

 

B is the backshift (or lag) operator such that  

                

The EGARCH model can also be represented in another way by specifying the logarithm of conditional 

variance as 

                     )  |
    

√    
|     

    

√    
     ………………………(Eq. 8) 

This implies that the leverage effect is exponential, rather than quadratic, and the forecasts of the 

conditional variance are guaranteed to be non-negative. 

Karanasos and Kim (2003) have carried out a detailed analysis of moment’s structure of the 

ARMAEGARCH model, while Kobayashi and Shi (2005) have studied the testing for EGARCH against 

stochastic volatility models. Lama et al. (2015) have studied that EGARCH model has outperformed the 

GARCH and ARIMA models as far as modeling and forecasting is concerned. 

Artificial Neural Networks (ANNs) 

ANN are powerful tools for modeling, especially when the underlying data relationship is unknown. 

ANNs can identify and learn correlated patterns between input data sets and corresponding target values. 

After training, ANNs can be used to predict the outcome of independent input data. ANNs imitate the 

learning process of the human brain and can process problems involving non-linear and complex data 

even if the data are imprecise and noisy. Thus they are ideally suited for the modeling and forecasting of 

agricultural data which are known to be complex and often non-linear. (Zhang et al. 1998) 
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Value at Risk (VAR) 

Value at risk is used by risk managers in order to measure and control the level of risk which the firm 

undertakes. Value at Risk (VAR) measures the largest percentage of the portfolio value that you might 

lose over a given time period, to a given degree of certainty, based on historical average return and 

variability. For example, for a given asset held over the next six months, you might be 95% sure that the 

asset value will fall by no more than 15%.(Investopaedia, 2015) 

RESULTS AND DISCUSSION 

It can be seen from figure 1 that HLBT and HLSO prices were having same pattern of movement and 

showed a fair amount of volatility. After a steady decline in both the series of prices to around US$7per 

kg, the prices witnessed a steep increase to US $ 17-20 /Kg and then stabilized thereafter. 

Fig 1: Price series of HLBT and HLSO 

 

Table 1: Growth rates of price series across three phases (Percent) 

Series Declining Phase Increasing Phase Consolidation Phase 

HLBT -0.26 1.32 -0.09 

HLSO -0.42 1.31 -0.31 

 

Table 1 reveals the growth in price series. The whole time period were divided into three phases based on 

the behavior of prices.  A declining phase was seen from Jan 2011 to Dec 2012 followed by a sudden rise 

in prices from Jan 2013 to mid 2013 and then the prices declined and remained stable from Feb 2014 

onwards. This volatility maybe attributed to trade policies, trade relations and product safety measures 

followed by importing countries. Initially Japan was lead market for Indian shrimp imports but since 

2010-11 USA and EU became the primary markets for Indian shrimps and the prices started rising once 

more. 
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Table 2: Summary Statistics of Price series 

Statistics HLBT Prices HLSO Prices 

Mean 13.89 12.49 

Medium 13.55 12.35 

Minimum 8.5 7.70 

Maximum 19.70 17.64 

Standard Deviation 0.728 0.806 

Skewness 0.07 0.135 

Kurtosis -1.07 -1.07 

 

Summary statistics of both price series are given in table 2. Absolute values above 0.2 indicated great 

skewness (Hildebrand, 1986).The negative value of kurtosis (platykurtic) depicts that that normal curves 

are flatter and somewhat asymmetric which made the use of EGARCH necessary for modeling. 

Stationarity Test 

The test for stationarity of the two series under consideration was done using Augmented Dickey Fuller 

(ADF) and Phillips-Perron (PP) test statistics. For two series, both the tests were found insignificant at 

zero differencing, thus confirming the non-stationarity of the level series which means they are related in 

the long run. But, on differencing the series once, both the tests were found highly significant at 1 per 

cent level of significance confirming their stationarity. Thus, the need of first differencing of the series 

was felt for proper modeling and forecasting of these series. The detailed results of the tests are given in 

Table 3. 

Table 3: Stationarity tests for different price series 

Series Level of 

Integration 

ADF Test P Value PP test P value 

HLBT Prices I(1) -18.03 0.01 -266.7 0.01 

HLSO Prices I(1) -17.61 0.01 -198.6 0.01 

Table 3 reveals that after first differencing the data becomes stationary and order of integration is 1 for 

both the price series. 

Fitting of ARIMA Model 

Various combinations of the ARIMA models were tried after first differencing of both the series. Among 

all, the AR (2,1,2) model had minimum AIC values for both the series. As, the root mean square error 

(RMSE) values of series were quite high, it confirmed that the ARIMA cannot model and forecast volatile 

data efficiently. In addition, the square of the residuals of these series had significant autocorrelation. 

Thus, the need of modeling these series with nonlinear models of the GARCH family was felt. The 

parameter estimates of the ARIMA model along with the standard errors in parenthesis are given below.  

ARIMA model: HLBT (2,1,2) 

                                                   

                                        (0.245)         (0.181)          (0.224)
 
             (0.185)                

AIC: 431.71 

ARIMA: HLSO (2,1,2) 

                                                  

                                       (0.414)
***

           (0.120)             (0.419)              (0.219)      
 

AIC: 450.37 
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Transfer function 

Transfer function has been done on a consolidated file containing price series for HLBT and HLSO for 

same time period 2011-12 

ARIMAX: HLBT leading HLSO 

To identify the lags between two series, cross correlation function has been worked out which indicated 

that the two series are lagged at HLBT is leading HLSO by 1st , 22
nd

 and 27th weeks so HLBT will be 

independent variable as it is leading.  

Transfer function 

ARIMAX MODEL (2,1,2)  and lag of (0,1,22) 

                                                               

                                    

                    (0.151)              (0.122)               (0.133)              (0.124)               (0.075)  

                                                (0.077)                           (0.009) 

AIC: 405.32 

Table 4: Transfer Function Parameters estimates and standard errors. 

Parameters Estimates Standard Errors P value 

MU 0.223 0.095 0.020 

MA1,1 -0.178 0.133 0.183 

MA1,2 0.579 0.124 <.0001 

AR1,1 -0.777 0.151 <.0001 

AR1,2 -0.057 0.122 0.6412 

HLBTt 0.269 0.075 0.0005 

HLBTt-1 0.256 0.077 0.0012 

HLBTt-22 0.028 0.009 0.0030 

 

Testing of ARCH Effect 

The Box-Jenkins approach has a basic assumption that the residuals remain constant over time. The Box-

Ljung is an omnibus test of independence at all lags up to the one you specify. The degrees of freedom 

used is the no. lags minus the no. AR & MA parameters so you were testing against a chi-squared 

distribution with zero degrees of freedom. 

Table 5: Box- Ljung Test results 

Price Series X- squared Df P value 

HLBT 19.44 24 0.727 

HLSO 18.21 24 0.792 

Since the values given by Box-Ljung test are insignificant which indicates that our model is correct and 

the residuals autocorrelations are not significant 

The ARCH – Lagrange multiplier (LM) test was carried out on the square of the residuals obtained after 

fitting the ARIMA model on both the series to test whether residuals do in fact remain constant. The 

results of the test revealed the presence of ARCH effect for all the two series and hence we switched over 

to GARCH.  The results of the test are given in Table 6. 
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Table 6. Q and LM test for ARCH disturbances for two price series 

Lags Q VALUE LM VALUE 

 HLBT P 

VALUE 

HLSO P VALUE HLBT P VALUE HLSO P VALUE 

1 5.66 0.01 13.39 0.0003 5.66 0.01 13.27 0.0003 

2 5.96 0.05 17.10 0.0002 5.69 0.05 14.32 0.0008 

3 9.10 0.02 21.79 < .0001 8.35 0.03 16.50 0.0009 

4 9.35 0.05 22.01 0.0002 8.35 0.07 18.69 0.0009 

5 9.90 0.07 22.19 0.0005 9.09 0.10 18.77 0.0021 

6 10.56 0.10 22.33 0.0011 9.92 0.12 18.82 0.0045 

7 11.96 0.10 22.66 0.0019 10.74 0.14 18.83 0.0087 

8 17.44 0.02 22.86 0.0035 15.65 0.04 18.85 0.0157 

 

The Q statistics test for changes in variance across time by using lag windows ranging from 1 through 8 is 

given in table 4. These tests strongly indicate heteroscedasticity with p values < 0.01 for all lag windows. 

The Lagrange multiplier (LM) tests also indicate that a long memory period Generalized Autoregressive 

Conditional Heteroscedasticity. GARCH model is one approach to modeling time series with 

heteroscedastic errors.  

Fitting of GARCH Model 

We have tried to use all GARCH models for our data and then by looking at the results we made out 

which models can be used and which models cannot be used for this data and what are the underlying 

reasons. 

Table 7. Parameter estimates of AR(2)- GARCH(1,1) model 

Price Series ω α β AIC values 

HLBT 0.001 (0.001) 0.44 (0.146)
*** 

0.06 (0.115) -623.76 

HLSO 0.0007 (0.002) 0.408 (0.118)
*** 

0.36 (0.107)
*** 

-578.07 

 

                              
      

                                
      

If β value that is GARCH is greater than α ie ARCH then there is long persistence of volatility in the price 

series. In GARCH, the persistence is checked by α+β, if α+β is close to one, it resembles that there exists 

long persistence of volatility. 

Fitting of EGARCH Model 

To capture the asymmetric nature of volatility in the data, EGARCH model was employed. 

Table 8. Parameter estimates of AR(2)-E GARCH(1,1) model 

Price 

Series 

Ω α β THETA 

θ 

 

GAMMA 

  

AIC values 

HLBT -0.026 

(0.00003)
*** 

0.992 

(0.22)
*** 

-0.227 

(0.012)
*** 

-0.014 

(0.233) 

0.584 

(0.016)
*** 

-633.36 

HLSO 0.007  

(0.008) 

0.534 

(0.164)
*** 

0.663 

(0.073)*** 

0.188 

(0.242) 

-0.094 

(0.153) 

-579.12 
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In EGARCH, gamma and theta stands for size (ARCH effect) and sign (leverage) effects respectively. 

Generally, gamma is positive and theta is negative. In EGARCH, beta stands for long persistence of 

volatility. E-GARCH models are used to model the “leverage effect”, prices become more volatile as 

prices decrease. There is a stylized fact that the EGARCH model captures that is not contemplated by 

the GARCH model, which is the empirically observed fact that negative shocks at time t−1 have a 

stronger impact in the variance at time t than positive shocks. This asymmetry used to be called leverage 

effect because the increase in risk was believed to come from the increased leverage induced by a 

negative shock, but nowadays we know that this channel is just too small. Notice that the effective 

coefficient associated with a negative shock is γ-θ, while the effective coefficient associated with a 

positive shock is γ+θ.  

In EGARCH, gamma and theta stands for size (ARCH effect) and sign (leverage) effects respectively. 

Generally, gamma is positive and theta is negative. A positive shock γ+θ and negative shock γ-θ tells us 

which price series will be responsive to news. The negative coefficient for negative shocks ( -θ) indicate 

that HLSO prices are more sensitive to bad news. HLBT prices are more responsive to positive shocks 

than HLSO prices. 

The model is, therefore, nonlinear if θ ≠ 0. Since negative shocks tend to have larger impacts, we expect θ 

to be negative.  In our model we have a negative θ for HLBT which means higher returns during higher 

volatility. For higher order EGARCH models, the nonlinearity becomes much more complicated. Cao and 

Tsay (1992) use nonlinear models, including EGARCH models, to obtain multistep ahead volatility 

forecasts. 

Since the results are interpreted in terms of θ and   together, so table 11 shows us that the HLBT prices 

are more stable to market sentiments and does not respond to it as much as HLSO prices respond. The 

negative coefficient for negative shocks ( -θ) indicate that HLSO prices are more sensitive to bad news. 

HLBT prices are more responsive to positive shocks than HLSO prices. 

Table 9: Degree of sign and magnitude of leverage effect 

   Θ ( +θ) ( -θ) 

HLBT 0.584 -0.014 (0.584+ (-0.014)) 

= 0.57 

0.584 –(-0.014) 

= 0.59 

HLSO -0.094 0.188 -0.094 + 0.188 

= 0.094 

-0.094-0.188 

= -0.282 

 

Forecasting 

ARIMA and ANN were used to forecasts the prices and GARCH models were used to predict the 

variation in prices.  Original values were taken to validate the results and it revealed that forecasts were 

not varying much from the actual values. 

While doing GARCH analysis it is the standard deviation that needs to be forecasted which gives us the 

variance or measure of volatility. So, conditional standard deviation gives us the value of volatility. 
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Table 10: Forecasted Prices and Variance for HLBT (8 weeks ahead) 

Actual values ARIMA  (2,1,2) Artificial 

Neural 

Network 

GARCH (1,1) EGARCH 

15.87 15.41 16.04 0.675 0.689 

15.45 15.40 15.43 0.697 0.704 

14.77 15.39 15.39 0.703 0.712 

12.33 15.41 15.90 0.705 0.715 

14.97 15.37 15.58 0.705 0.716 

12.55 15.37 15.54 0.705 0.716 

13.55 15.42 15.86 0.706 0.717 

15.04 15.43 15.69 0.706 0.716 

 

Table 11: Forecasted Prices and Variance for HLSO (8 weeks ahead) 

Actual Values ARIMA (2,1,2) Artificial Neural 

Networks 

GARCH (1,1) E GARCH 

(1,1) 

13.43 13.54 13.43 0.824 0.824 

13.01 13.49 13.52 1.080 1.080 

13.43 13.59 13.65 1.322 1.322 

13.23 13.64 13.46 1.564 1.564 

12.57 13.63 13.46 1.811 1.811 

12.56 13.61 13.51 2.068 2.068 

12.55 13.61 13.42 2.340 2.340 

13.49 13.62 13.40 2.628 2.628 

 

Table 11 indicates that the artificial neural network forecasts have outperformed the ARIMA forecasts 

and are more accurate than ARIMA 

VALIDATION OF FORECASTS 

Keeping into consideration the AIC values for all GARCH models, EGARCH giving the lowest AIC 

values had been selected for forecasting purpose. In order to validate the forecasts a graph had been 

plotted between the actual standard deviation values obtained from the real data, then GARCH forecasts 

and EGARCH forecasts. Figure 2 and 3 shows that the regular GARCH is underestimating the model but 

EGARCH has given better forecasts. So EGARCH is a better forecasting model here. Separate axis have 

been used because the actual standarad deviation has been calculated from the real data and forecasts 

have been obtained from residuals. So scales are different. 

Rising standard deviation implies variability in prices will increase in case of HLSO prices but for HLBT  

prices will be more or less stable. 
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Figure 2: Forecasted and actual values of standard deviation of HLBT prices. 

 

Figure 3: Forecasted and actual values of standard deviation of HLSO prices. 

 

In addition to this, Root Mean Square Error (RMSE) values have been used to test the goodness of fit of 

model.  Here, lower the values better the fit. 
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Table 12: Goodness of fit of HLBT and HLSO price series 

RMSE VALUES ARIMA ARTIFICIAL 

NEURAL 

NETWORK 

GARCH EGARCH 

HLBT 0.731 0.683 O.059 0.051 

HLSO 0.709 0.699 0.069 0.066 

Hence as clearly indicated by the results in table 1, EGARCH and GARCH models deliver more or less 

the same level of accuracy ( 5% error in both the cases) 

The neural network models have outperformed ARIMA models as indicated by the lower RMSE values. 

We cannot compare ARIMA and ANN with GARCH and EGARCH because ARIMA and ANN 

forecasted mean values and GARCH, EGARCH forecasted standard deviation (volatility of prices). 

By looking at the models a forecast for 24 weeks was attempted to examine the accuracy of the model to 

forecast the prices correctly. It was revealed that HLBT prices would range from US$ 12.7 to US$ 15.9 in 

August 2015 with the average forecasted value of US$ 14.31. 

Similarly for HLSO prices a forecast was attempted and it revealed that the prices would range from US$ 

8.41 to US$ 17.6 in August 2015 with the average forecasted value of US$ 13.02. This shows that HLSO 

prices are risky to predict because there is a huge variation as compared to HLBT prices. 

Value at Risk 

Value at risk was also calculated for the return series of prices of both the species of shrimp and the 

results revealed that VAR for return series to be 13% for HLSO prices and for HLBT prices, 11% which 

implies that in future the maximum fall in prices of HLBT will be 11% and 13% for HLSO. 

Conclusions 

From the study it is evident that the Artificial Neural Network model is better than traditional ARIMA 

model for modeling the data of volatile price series and also suitable for forecasting the prices efficiently. 

RMSE of Artificial Neural Network model was found to be 7% lower than that of ARIMA model which 

further reinforced that ANN was a better forecasting model for this dataset. 

In addition transfer functions were used since data on exogenous variables were available, in this case 

HLBT. Such models yielded better results as evidenced by a lower AIC. This indicated the influence the 

exogenous variables had on endogenous price series. Determining the lag structure of the exogenous 

variable was critical. This was done by cross-correlating the residuals of the two series which indicated 

the leading series and also the lead-lag relationship. 

 Since both the shrimp price series showed high volatility as revealed by the ARCH effect test, the 

GARCH model and its variants were used to forecast volatility. The superiority of the GARCH model for 

modeling the series was highlighted by the lower AIC values than those that emerged from the 

corresponding ARIMA model. Different GARCH models used for the same data set to validate the model 

that gave better results. The EGARCH model gives the best results and outperformed other GARCH 

models in forecasting as evidenced by lower RMSE values. The empirical results supported the theory 

that EGARCH model captured asymmetric volatility. The asymmetric volatility phenomenon (sometimes 

known as AVP) is market dynamic that showed that there were higher market volatility levels in market 

downswings than in market upswings. Factors that caused this phenomenon included the effects of 

leverage in the markets, volatility feedback and psychological investment factors related to the perceived 

risk/reward balance at different market levels. Value at risk is a widely used measure of risk and measures 

the maximum loss that can be incurred. It is usually calculated using historical data and this is used for 

the future values of risk. However, GARCH provided a methodology to calculate the future values of 

standard deviation from which the VAR is derived. Thus, suitable GARCH model produced forecasted 

standard deviation as also the future values of the VAR. In order to validate the predicted standard 

deviation from a GARCH model these predicted values were compared with the standard deviation 

calculated from out of sample data which became available subsequently. The results of the calculated 

standard deviation and the standard deviation estimated by the VAR indicated the same result. Hence 
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GARCH can be used to forecast volatility effectively. In addition to validation of the models the 

forecasting of shrimp prices was done till August 2015 and results showed that the HLBT and HLSO 

prices will be around US$ 14.31 and US$ 13.02 respectively. 

The methodology employed in this study can be used for forecasting other agricultural time series data 

showing volatility. 
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