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Statistical Analysis of Macroeconomic Determinants of Coffee Price Volatilit
y in Ethiopia: Application of GARCH-MIDAS Model 

ABSTRACT 

Modeling and forecasting high frequency data such as daily commodity price volatility 
using GARCH type model attracts the attention of many researchers. Following the same 
framework, the objective of the present study is to apply the multiplicative GARCH-MIDAS 
model for daily exported coffee price as proxy of daily total coffee price of Ethiopia over 
the period of 1-1-2008 to 7-17-2018 with the purpose of fitting and forecasting coffee price 
return volatility. The GARCH-MIDAS model decomposes the conditional variance as 
short-term component, which follows the mean reverting GARCH (1,1) process, and long-
term component, which consider different frequencies of macroeconomic variables. In this 
study exchange rate (nominal exchange rate), inflation rate (general inflation), interest 
rate (lending interest rate), fuel oil price (price of imported petroleum and petroleum 
production), total consumption and money supply (broad money) macroeconomic 
variables were employed through MIDAS specification using beta-weighting scheme to 
analyze impact of the variables on the long-term volatility component. The result of ARCH 
effect test on the residual from the mean model revealed the existence of time varying 
conditional variance for the selected mean model. A conditional variance model GARCH 
(1,1) was selected and used to model the conditional variance of coffee price return with 
Quasi Maximum Likelihood along with Bayesian estimation methods and both estimation 
procedures indicated the persistence of conditional variance observed even for small 
sample under Bayesian estimation framework. Engle and Ng test show the insignificance 
of the asymmetric term, while Lundbergh and Terasvirta LM and the Li-Mak portmanteau 
test from the residual of GARCH model shows the existence of time varying unconditional 
variance and made call for GARCH-MIDAS model. From the result of estimated GARCH-
MIDAS model, inflation rate and exchange rat were found to be the best drivers of coffee 
price volatility in Ethiopia. Moreover, the estimated GARCH-MIDAS component was used 
for in and out of sample forecast under classical estimation by incorporating the best 
driver macroeconomic variables. Finally, the MAE, RMSE and DM test were used for 
evaluating and comparing the forecasting ability of GARCH-MIDAS component model 
against standard GARCH (1,1) model.  The forecasting result shows that including 
macroeconomic variables improves the forecasting ability of volatility model. From the 
empirical finding, exchange rate and inflation rate were positively influence the long-term 
volatility component, as result appropriate fiscal and monetary policy should be imposed, 
as correction measures to lighten inflation effect and stabilize exchange rate in the 
country. 

Keywords:  Daily coffee price, GARCH-MIDAS model, short-run and long run volatility 
component, Ethiopia



 

 

         

 

1. INTRODUCTION 

1.1. Background 

Coffee, a widely consumed beverage prepared from roasted seeds, is mainly cultivated in 

Latin America, Southeast Asia, and Africa. Although there are several different coffee 

species, two main species are known today, the Arabica and the Robusta coffee. Arabica 

coffee is more popular than Robusta (Demisew et al., 2015).  

Coffee is both an important source of export revenue for developing countries and the 

underlying asset for the largest future markets in soft commodities (Wang et al., 2016). In 

Ethiopia, coffee determines the livelihood of about 16 million people in its sector (growers, 

processors and marketing), and accounts for 35% of the total exports of the country (IMF, 

2017). Based on its production potential, Ethiopia was ranked first from Africa and fifth in 

the world next to Brazil, Vietnam, Indonesia, Colombia and India (Amamo, 2015). Main 

coffee producing areas in Ethiopia include Jimma, Limu, Nekemte, Teppi, Iluu Abbaa 

Boor, Bebeka, Yirgacheffie, Sidamu and Harar (Demisew et al., 2015).  

World prices of major agricultural food commodities rose dramatically from late 2006 due 

to the contribution of factors like, per capita income, population, crude oil price which are 

affect in supply side by entering production function through different energy input, 

economic growth which highly influence the demand for commodity, weather shock which 

adversely affect most sector of the economies healthy output whereas macroeconomic 

variables such as interest rate, inflation, exchange rate, liquidity (monetary values ) and 

total consumption are variables which are highly contribute the agricultural commodity 

price volatility (Johnson, 1987;Regmi et al., 2008;Liefert and Persuad, 2009; Thopil et al., 

2013 and  Kirui et al., 2014).  

Coffee is one the agricultural food commodity which its price volatility threatens millions 

of small coffee farmers around the world and is putting at risk the economic growth, as 

well as social and political stability because influencing factors. Thus, investigating the 

magnitude and direction of contribution of those factors made unstable and high volatile 

prices is of paramount importance over the last decade and their volatility has generated 

considerable interest in academician, policy makers, and investors due to their effect on the 

food security, investment decisions and the real economic development. As a result  
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modeling and forecasting the volatility of financial returns have become research area of 

interest since volatility modeling is an important tool for policy making, investment 

decision, asset pricing and risk management (Algieri, 2012). 

A number of volatility models have been developed over time to describe commodity price 

volatility. The first ever is ARCH model, which was introduced by Robert (Engle, 1982) 

and many other extensions of ARCH type models were developed and served for more 

than thirty years as the most popular and sophisticated models for volatility analysis and 

heavily applied in finance.  From the very beginning, ARCH type models were developed 

for only low frequency data, whereas, Wang and Ghysels (2015) introduced models for 

high frequency data augmenting with traditional ARCH type models to multiplicative 

GARCH component models which describe volatility component intentioned not only their 

ability to capture complete dynamic through parsimonious parameter structure, but also for  

handle structural break or non-stationary in financial price volatility (Beltratti and Morana, 

2006). 

Additionally, Engle and Lee (1999) came up with first additive GARCH model, which 

decomposes volatility into short term and long-term volatility components.  Engle and 

Rangle (2008) introduced multiplicative GACH component in case the short-term 

component captures the mean reverting GARCH and long term captures Spline-GARCH 

process, for handling slowly varying deterministic component, odd to GARCH type model, 

Spline-GARCH permits unconditional volatility to change with time trend. However, 

neither of the above studies can handle frequency mismatch in their model alignment.  

Engle et al. (2013) developed the GARCH-MIDAS component models that combine the 

persistent volatility component of Spline-GARCH with Mixed Data Sampling (MIDAS) 

method introduced by Ghysels et al. (2015) that allows directly relating macroeconomic 

variables of lower frequency to the long-term volatility component. In line with Engle et 

al. (2013) applying GARCH-MIDAS component model for estimation of financial price 

volatility by incorporating information from macroeconomic variables for model 

specification where model is different from Spline-GARCH of Engle and Rangle (2008), 

in case it allowsin modeling the unconditional volatility by linking long-term component of

 volatility to macroeconomic variables that endowment to smoothen the unconditional vola

tility through the mixed data sampling (MIDAS) filtering of Ghysels et al. (2015) having a 

beauty  of  reducing the information loss resulting from data frequency mismatches.  
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Hence, theoretical achievability and practical applicability of GARCH-MIDAS component 

model in high frequency data, inconvenience of standard GARCH type model in capturing 

a time varying unconditional volatility and inability of standard GARCH type model 

incorporating variables with different frequency in model specification motivated the 

researchers to apply this model for coffee price volatility in Ethiopian. 

1.2. Statement of the Problem 

In recent years, the volatility in the prices of agricultural commodity has increased relative 

to other commodities. The volatile commodity price requires market risk quantification 

(Hammoudeh et al., 2011). 

Volatile price is detrimental to economic actors especially for those not able to cope with 

new source of economic uncertainty. As a result, identifying the main determinants of 

price volatility becomes important issues for policy makers to intervene and reduce 

potential negative effect on the general economic developments impact since it affects 

variability of production and investment decision made by economic actors (Bernard et al., 

2006).  As a result, Research on changing volatility (conditional variance) using time series 

models has been active since the creation of the original ARCH model in 1982. From 

there, ARCH models grew rapidly into a rich family of empirical models for volatility 

forecasting during the last 20 years and they are now widespread and essential tools in 

financial econometrics (Ayele et al., 2017).   

Several studies have analyzed the volatility of the price return of commodities to capture 

time changing volatility using traditional GARCH model.  For example in Ethiopia, 

authors like Anteneh et al. (2016) and Ayele et al. (2017) have used traditional GARCH 

model to fit price volatility. However, according to Engel and Rangel (2008), the 

traditional GARCH type models are unable to capture the time varying unconditional 

variance and variables with different frequencies, stating that unconditional volatility 

changes in a systematic way and is a function of macroeconomic variables and introduce 

Spline-GARCH. However, this technique is also unable to extract all available information 

in high frequency data, and leads to information loss and generating poorer analysis and 

forecasting ability.  
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To fill this gap, Engels et al. (2013) introduced GARCH-MIDAS volatility model, which is 

able to capture time varying unconditional volatility and accommodate data with different 

frequencies. After the introduction of the model authors like Asgharian et al. (2013), 

Donmez and Magrini (2013) attempted to study commodity price volatility using GARCH-

MIDAS model in line with this, most of studies have introduced this model at institutional 

level in order to address the risk quantification and investment decision using 

macroeconomic variables. However, it is important to introduce this model for commodity 

price volatility, especially for the export of cash crop commodities, which directly affect 

the economy through export earnings with macroeconomic variables at the country level. 

Therefore, this study was concerned the analysis of the magnitude of the impact and 

direction of effect for the selected macroeconomic variables on coffee price volatility in 

Ethiopia and attempts to address the following key research questions: 

1. Is there a time varying conditional volatility in coffee price of Ethiopia? 

2. Is there evidence for time varying unconditional volatility in coffee price for the 

identified GARCH type model under maximum likelihood estimation? 

3. Is the Bayesian estimation confirms the maximum likelihood estimation with small 

sample? 

4. Does the inclusion of macroeconomic variables with different frequencies improve 

forecasting? 

1.3. Objectives of the Study 

The general objective of this study was to analyze the coffee price volatility with selected 

macroeconomic variables by applying GARCH-MIDAS component model in Ethiopia.  

The specific objectives of the study were to: 

• Fit appropriate GARCH type volatility model for coffee price under                  

maximum likelihood and Bayesian estimations;  

• Examine the effects of macroeconomic variables on the coffee price volatility using 

GARCH-MIDAS model;  

• Forecast coffee price volatility using GARCH-MIDAS component model; and  

• Evaluate forecasting performance of the supper imposed GARCH-MIDAS model 

with specified GARCH type benchmark model. 
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1.4. Significance of the Study 

Fluctuation in the coffee price is of interest due to its impact on the decision made by 

producers, consumers, investors and exporters. Therefore, modeling and forecasting coffee 

price volatility is important from economic as well as methodological aspect. 

From economic point of view, the result will have great benefit to the coffee market 

regulatory bodies, investors, exporters and other market players as it can provide them with 

valuable information about the extent of coffee price volatility. 

From the methodological perspective, this study will illustrate possible way to handle the 

trade-off between the accuracy of the volatility measurement provided by the high-

frequency data on coffee price with GARCH type volatility model under Quasi-maximum 

likelihood (QML), Bayesian estimation and the importance to match high frequency with 

low frequency macroeconomic variables and to protect loss of information to large extent 

due to aggregation of data as stated by Engel and Rangel (2008).  In addition, the findings 

and recommendations of this study contribute to the existing literature and bridge the 

knowledge gap that currently exists. 

1.5. Scope and Limitations of the Study 

The study made the effect macroeconomic variables on the daily coffee price return 

volatility using exported coffee price as the proxy of total coffee price in Ethiopian coffee 

market. The coverage of empirical investigation is limited to the period 2008 to 2018 since 

the daily exported coffee price recorded organized from 2008 onwards.  This study is 

limited daily exported coffee price as proxy of daily total coffee price traded from the 

country market.  Moreover, in the estimation and forecasting procedure, one 

macroeconomic variable at a time was used since convergence problem was faced in the 

estimation process because of most of macroeconomic variables endogenous in their 

nature. 
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1.6. Organization of the Thesis 

This thesis is organized into five chapters. Chapter one, contains introduction part of the 

thesis. Chapter two gives concepts related to coffee production status of Ethiopia, coffee 

consumption, coffee export status, volatility, economic importance of volatility, volatility 

related theories and theoretical and empirical review of volatility models are included. 

Chapter three discusses the research methodologies like, nature of data variables 

measurement and definition, mean model specification, residual diagnosis tests, volatility 

model, assumptions, estimations, forecasting and model forecasting accuracy evaluation. 

Chapter four deals the result and discussions of descriptive data analysis, unit root test 

result fitted mean model, GARCH(1,1) with maximum likelihood and Bayesian estimation, 

GARCH-MIDAS with realized volatility and macroeconomic variables and interpretation 

of all the results are presented. The final chapter of the thesis presents summary, 

conclusion and recommendations. 
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1. LITERATURE REVIEW 

In this chapter, the theoretical review of coffee production, consumption, coffee export 

status in Ethiopia, volatility and its economic importance, price volatility related theories, 

theoretically volatility models and empirical reviews of related finding are presented. 

2.1. Theoretical Review 

The emphasis of this study was to analyze the macroeconomic determinants coffee price 

volatility of Ethiopia using GARCH-MIDAS Volatility model. Therefore, the theoretical 

literature review involves coffee production status of Ethiopia, coffee consumption 

domestically, coffee export status in Ethiopia, volatility, economic importance of price 

volatility, related theories of price volatility, theoretical volatility models and related 

empirical literature reviews are incorporated.  

2.1.1. Coffee Production Status in Ethiopia  

Ethiopia’s coffee production in 2018/19 is estimated at 7.25 million 60-kilo bags 150,000, 

60- kilo bags more than USDA and post estimate. This situation is due to favorable 

weather conditions, low disease and pest pressure, enough rainfall in coffee growing areas 

of the regions and better extension services in some coffee growing areas. All coffee 

production is rain fed; thus, precipitation is the most important production factor. Small 

landholder farmers produce 95 percent of Ethiopia’s coffee in varied environments, 

including forest, semi-forest, garden, and plantation coffee. Coffee productivity is also 

projected to increase from 0.75 tons/ hectare in 2014/15 to 1.1 tons per hectare by 2019/20. 

Total production is projected to increase from 420 thousand tons in 2014/15 to 1103 

thousand tons by 2019/20 (Amamo, 2015). 

2.1.2. Coffee Consumption in Ethiopia 

Coffee consumption in Ethiopia in 2019/20 fiscal year is forecasted at 3.35 million bags 

(approximately 201 metric tons) an increase of 75,000 bags from 2018/19 post estimate. 

Coffee consumption for 2018/19 is expected to increase slightly to 3.27 million bags 

(196.2 metric tons). This trend runs contrary to the government’s attempt to lower 

domestic coffee consumption in order to have more beans for export. This official estimate 

is slightly above post and USDA estimate (Ward et al., 2016). 
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The main reasons for the consumption increase are exportable-grade coffee entering the 

informal domestic market to take advantage of strong local prices and the increase of small 

roadside coffee stalls in and around major towns as income generating schemes for young, 

unemployed women. These shops serve coffee in the traditional sit-down fashion and have 

become popular among consumers. These informal stalls pay neither VAT nor exorbitant 

rental costs, making their cost of serving coffee relatively lower and more competitive than 

the regular coffee shops. Ethiopians drink more coffee than any other African country. 

Close to half of Ethiopia’s coffee production is consumed locally. Coffee plays an 

important role in traditional and cultural gatherings. Ethiopians drink it during virtually all 

social occasions such as family gathering, festivities and times of mourning (Ward et al., 

2016). 

2.1.3. Coffee Export Status in Ethiopia 

Exports forecast for 2019/20 remain at a record level 4 million bags (240,000 metric tons). 

Around 20,000 bags more than 2018/19 estimate, keeping Ethiopia’s place among the 

world’s coffee leaders. The Ethiopia Commodity Exchange (ECX) was established in 2008 

to reduce price volatility and incentivize farmers to plant coffee. However, the lack of 

traceability at the ECX did not meet consumers demand for traceable, farmer-specific or 

organic certified coffees. To address traceability issues, starting 30 April 2017 exporters 

with valid export license of for the marketing year can sell directly to international buyers, 

under the condition that the coffee loaded trucks must be sold within three days of arriving 

at the processing warehouses in the capital. If the coffee remains unsold after three days, 

they will be forced to sell on the existing ECX platform, but with traceability intact 

(NPCE, 2016). 

The other major change is that farmers may sell beans directly to the roaster without 

entering to the Ethiopian Coffee Exchange platform. Coffee is the most important foreign 

currency earner for Ethiopia. In addition to ensuring the volume and quality of coffee 

exports, exporters must properly manage the contracts. While most exporters assist the 

economy by supplying quality coffee to the international market, the government is also 

taking strict actions against those who fail to comply with their contracts (Amamo, 2015).  

In March of 2019, alone 81 coffee exporters have been banned from trading with the 

Ethiopian Commodity Exchange (ECX) because they defaulted on their contracts. Ethiopia 
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has more than 400 coffee exporters, 395 coffee farmers who directly export coffee, and 

over 30 import-export companies who export coffee and use the foreign currency to import 

other materials like vehicles and construction inputs. Ethiopia exports coffee to over 60 

countries. Based on the coffee export data in 2017/18, the principal export markets for 

Ethiopian coffee were Germany (22%), Saudi Arabia (16%), United States of America 

(11%), Belgium (7%), Sudan (6 %) and Italy (5%) (Ward et al., 2016). 

2.2. Volatility  

Volatility is one of the most important concepts in finance. It tells us about the uncertainty 

or risk of financial assets. Financial series bear a widely accepted feature called volatility 

clustering. Volatility clustering is the phenomenon, which a large volatility is followed by 

a large volatility and vice versa. In other words, there is a positive correlation of returns in 

different periods. This phenomenon violates the assumption of homoscedasticity. In order 

to account for this problem, Engle (1982) introduced the model called Autoregressive 

Conditional Heteroscedasticity (ARCH). In this model, the conditional variance is assumed 

to depend on past squared of errors (Bolerslev, 1986).  

2.2.1. Economic Importance of Commodity Price Volatility 

According to the IMF and UNCTAD (2011), commodity prices have a vital role in 

economic development and on the occurrence of poverty in low-income countries (LICs). 

LICs, in particular, SSA countries are strictly dependent on the export of a single or limited 

commodity. For most of the SSA countries, at least half of incomes are coming from the 

export of just a limited commodity. Thus, commodity price uncertainty can have a huge 

influence on the well-being of a country's population (Addison et al., 2016).Volatile prices 

touch both producers and consumers. Production and investment risks rise for producers, 

predominantly when the production cycle is extended. Volatile prices are also selecting the 

consumption decision of consumers when they have a limited income (Wang, 2014) 

revealing economic crisis can be caused by higher and unpredictable volatility.  

The agricultural production uncertainty, especially in a developing country, acts 

investment decisions, decreasing technology acceptance and obstructing the acceptance of 

upgraded farming systems. The high relationship between production, price, and market 

risks identifies the requirement of a united and complete approach to risk management and 
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building resilience of African producers (Antonacci et al., 2014). For African commodity-

exporting countries, the consequence is that it is doubtful that there will be much 

weakening in economic performance. In addition, commodity-producing Sub-Saharan 

Africa countries that depend on internal funds to finance investment expenditure will be 

outperformed by countries that depend on external financing (Barrow et al., 2017). 

2.2.2. Related Theories of Price Volatility 

2.2.2.1. Arbitrage pricing theory 

The Arbitrage Pricing Theory (APT) by Ross (1976) provided a link between the 

macroeconomic variables and stock returns. In the APT the return on assets is theorized as 

a linear function of various Macroeconomic variables where sensitivity to the factor 

changes is given by the beta coefficient (Ross, 1976). Mathematical representation of APT 

theory where a group of multi factors such as economic indicators, financial information 

has influence on asset returns simultaneously expressed as: 

iikkiiit
fffEr εββββ ++++++= ..............22110   Where �� is the return of asset i, �� is 

expected return, β0 is risk free rate of return, βi is the coefficient of factor loadings, fik is 

macro factor and εi is the nonsystematic risk. In relative to CAPM model, the APT model 

is more powerful in reflecting real economic activities since it allows users to identify the 

impact of influenced factors separately. Particularly, there can be understood exactly to 

what extent and direction particular factor drives asset returns (Hoang, 2015).  

2.2.2.2. Future cash flow discounted model theory 

Another framework to link macro factors with stock market is discounted cash flow model. 

The model can be expressed as 
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Where ��[��+1] is the expected dividend at time t+1, ��[��+1] is the expected of the 

stock price at time t+1, ��[�] is the expect discount factor or cost of capital Since stocks 

are riskier than bonds, equity holders who are risk averse require higher rate of return. This 

is reflected in the discount factor, which is the composition of interest rate and risk 

premium. Therefore, the stock price depends on future cash flow and discount factor. From 

this model, what is deducted that any factor that have effects on future cash flow or 
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discount factor will have effect on stock price. Since discount factor is the sum of interest 

rate and risk premium (Hoang, 2015). 

2.3. Theoretical Framework of Volatility Models 

2.3.1. Volatility Measurement and Theoretical Review of Volatility Models 

Volatility is defined as spread of likely outcomes of uncertainty or risk of financial assets. 

Its measurement is important for the implementation of most economical and financial 

theories that guide investment and market decision. It also important for dealing the quality 

of financial market quality. Volatility is not an easy quantity to measure and there are 

many methods to come up with (Tsay, 2010). The main idea of volatility may be confused 

with rising prices. However, volatility measures how much price change either with regard 

to its constant long-term level or to its trend. In this concept, it is necessary to note that 

volatility does not measure the direction of price changes; rather it quantifies the variation 

of pries around the mean. Data with high frequency always results in higher volatility. In 

addition, volatility decreases along the decrement of frequency (European Commission, 

2009). 

According to Poon (2005), known ways of volatility measurement is through simple 

standard deviation or variance. Measuring volatility in such away is unconditional and 

unable to capture known characteristics volatility clustering, leverage effect and volatility 

evolves over time in continuous manner. In order to solve this weakness of traditional 

volatility models conditional heteroscedasticity model were proposed by different authors. 

The first model for volatility modeling is Autoregressive Conditional Heteroscedasticity 

(ARCH) introduced by (Engle, 1982). The basic ideology behind ARCH model is that, 

error terms are serially uncorrelated but dependent and this dependency can be expressed 

as simple quadratic function of error terms. The ARCH model fails to capture asymmetry 

and leverage effect in the volatility of financial time series. The other drawback of the 

model is, it requires large number of lagged squared errors to capture the dependence in 

conditional variance, which is parsimony problem, and over predict the volatility since it 

responds slowly to large isolated innovation to the return series (Tsay, 2010). 

Bollerslev (1986) was introduced the Generalized Autoregressive Conditional 

Heteroscedasticity (GARCH) model to make easily understandable of conditional variance 
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and higher order ARCH model simply by adding lagged conditional variance term to the 

variance equation. GARCH model fails to captures the asymmetry or the leverage effect in 

the volatility of financial time series and restrictions are imposed on its parameter to ensure 

the non-negativity condition of conditional variance (Tsay, 2010). To solve weakness of 

ARCH and GARCH models, in terms of asymmetry in volatility and restriction imposed 

on their parameter many asymmetric volatility model were introduced.  

Nelson (1991) propose Exponential GARCH model, which allows asymmetric effect 

between positive and negative shocks of the same magnitude of the volatility. The model 

calls the natural logarithm of the variance, as the result there is no need to impose 

parameter restrictions to ensure the non-negativity of the conditional variance.  The 

drawback of EGARCH model was the conditional variance is responded to the pat positive 

and negative shock in the same mood. Glosten et al. (1993) introduce GJR-GARCH, which 

allows the conditional variance to respond in different mood to past negative and positive 

innovations and it include asymmetric terms that capture necessary behaviors in 

conditional variance, which is leverage effect. 

Zakoian (1993) introduced the Threshold GARCH (TGARCH). This model captures 

asymmetry like EGARCH but the specification, and interpretation of the two models is 

different. TGARCH model is simple re-introduction of the GARCH model with additional 

term to account for asymmetry while the EGARCH consider the exponential specification. 

However all of ARCH type model and their extension are based on the assumption of 

constant unconditional variance which is not consider the decomposition of the conditional 

variance in to long-run and short-run components. Considering the problem of higher 

frequency data in to account, different forms model component which addition and 

multiplication were developed since 1999. 

Engle and Lee (1999) introduced the component GARCH (CGARCH) that is two-

component model that able to capture long memory in volatility of financial time series. 

The author’s explain that cumulative volatility is affected by shock at different frequency 

and CGARCH con capture the effect of both transitory and persistent long-run volatility 

component. Engle and Rangel (2008) introduce the spline-GARCH model, which is the 

multiplicative of slowly varying deterministic component and mean reverting unit of 

GARCH model but the spline-GARCH allows the unconditional variance to be time 

varying.  Hence, those ARCH type and Component models are unable to capture the 
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volatility of different frequency data in their model determination because it is difficult to 

obtain data of macroeconomic variables at higher frequency in investigating the 

relationship of higher frequency variables with low frequency variables. To come up with 

this problem new method which allow combining daily return data with long-run volatility 

component that is entirely driven by the evolution of low frequency variables are needed. 

 2.3.2. Model of Mixed Data Sampling (MIDAS) 

Linear or known regression model relates variables sampled at the same frequency. 

Therefore data aggregation method of the higher frequency observation to the lowest 

observation or interpolate the lowest frequency to the highest available frequency. The 

most common to solution in empirical application is temporal aggregation of higher 

frequency data to the lowest frequency through averaging or taking representative values 

of data series and the course resulted in loss of use full information and direct calling of 

mixed frequency data can be crucial. 

Ghysels et al. (2004) introduce mixed interval data sampling (MIDAS) which permits 

different frequencies to enter the same empirical model. The authors have used this method 

to combine higher frequency return data with low frequency macroeconomic variables. In 

addition, Ghysels et al. (2006) used MIDAS regression under the context of volatility that 

allows incorporation of data sampled at different frequencies in the same model. The 

method decomposes the conditional variance in to long run and short-run components 

following Engle and Lee (1999) and applied the MIDAS method to relate macroeconomic 

variables to long-run component through MIDAS weighting scheme.  

Engles et al. (2013) modify the dynamics low frequency volatility methodology introduced 

by Engle and Rangle (2008) under the spline –GARCH model. According to the authors, 

the long-run volatility component in sprit of MIDAS that incorporate macroeconomic data 

sampled at different frequency with mean reverting GARCH dynamics for the short-run 

component.  The new class of component model is GARCH-MIDAS component model.  

2.3.3. GARCH-MIDAS Component Model 

Traditional GARCH type model assume the constant unconditional variance with letting 

the conditional variance fluctuates around the changing level. In this type model, 

unconditional variance of the return data is constant over time providing the weak 
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stationary condition be satisfied.  However, this assumption or situation is not always true 

especially for the high frequency data like daily or intra daily in which dynamic behavior 

of volatility changes in the long term. 

Volatility modeling crucially depends on the finding that squared returns appear to be 

serially autocorrelated. Volatility of returns appears to cluster so that large variations of 

prices follow another. Engle (1982) has first explored this serial autocorrelation in squared 

returns in the seminal paper on ARCH (Autoregressive Conditional Heteroscedasticity) 

models. This approach has solved problems arising with modeling time series 

econometrics where the assumption of homoscedasticity is violated. In addition, GARCH 

type model are become highly persistent indicating non-stationary since the unconditional 

variance become time varying which makes the level of unconditional variance to be 

harmed by macroeconomic variables independent of the short-run Dynamics.  

The new method model is motivated by the stylized fact of higher frequency financial time 

series variables conditional volatility is highly persistent and estimation of the traditional 

GARCH model on the situation had been under bridge for several years of decades. Long 

memory model like the one Fractional Integrated GARCH (FIGARCH) introduced by 

Baillie et al. (1999) can able to handle the non-stationary nature of volatility.  

Engle et al. (2013) introduce GARCH-MIDAS model, which is capable of combining non-

stationary volatility model of Spline-GARCH with mixed frequency data sampling 

(MIDAS) procedure, which directly links macroeconomic variables of lower frequency to 

the long-run volatility component. The central features of MIDAS regression method is a 

flexible weighting function that allows in combining data of high and low frequency in 

very simple and parsimonious way. Thus, GARCH-MIDAS component model is two-

component volatility specification that separates short-term fluctuation in volatility from 

slowly evolving long-tem component. The short-term component of this model is specified 

as GARCH process, which represents day-to-day fluctuation of volatility around the long-

tem component, where the long-run component is fluctuations resulted from 

macroeconomic variables.  

In estimation process of GARCH-MIDAS component model, Engel et al. (2013) applied a 

beta weighting scheme to link high frequency financial returns to low frequency 

macroeconomic variables. The asymptotic result for general  GARCH-MIDAS model are 
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not yet available , however Wang and Ghysels (2014) establish normality of the Quasi 

maximum likelihood estimator for GARCH-MIDAS model including fixed and rolling 

windows realized volatility as explanatory variables mean while Conrad and Schienlen 

(2015) propose a misspecification test for GARCH type model based on the Lagrange 

Multiplier principle and derive its asymptotic properties for testing the null hypothesis that 

the variable included in the long-run component has not explanatory power. 

2.4. Empirical Literature Review  

In modeling price volatility, empirical literatures quoted that information linked to 

macroeconomic and financial variables explains price volatility for storable commodities. 

In this implication, most of the empirical researches on the relationships between 

macroeconomic variables and commodity price volatility were conducted with the 

application of GARCH type model. Some empirical findings on the commodity price 

volatility using GARCH type models are presented below.  

Bahmani and Kara (2003) have studied the effect of real exchange rate volatility on South 

African’s aggregate export to the U.S. for the period 1990: 1- 2000: 4 using ARCH and 

GARCH. They found out that that Rand’s real exchange rate variability has a significant 

and negative impact on exports both in the long and short-run. Similar study by Connor 

and Korajczyk (2005) extends the work of Bahmani and Kara (2003) over the period 

1992:1-2004:4 by employing GARCH, method proposed by Nelson (1991) as a measure of 

variability of exchange rate and obtained the same findings.  

Saryal (2007) employed GARCH model for the estimation of conditional stock market 

volatility using monthly data for Turkey from January 1986 to September 2005 and for 

Canada from January 1961 to December 2005. She estimated effect of inflation on stock 

market volatility and found that inflation rate had the high predictive power for explaining 

stock market volatility in Turkey. The result showed the rate of inflation was one of the 

underlying determinants of conditional stock market volatility particularly in a highly 

inflated country, and variability in the inflation rate had a stronger effect in forecasting 

stock market volatility.   

As noted by Frankel (2007), a decline in the interest rate has the effect of reducing the 

opportunity cost to hold inventories, increasing the commodity demand, making the market 
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thinner and reducing the market's ability to cope with any other shock.  Similar to this 

finding, low interest rates are likely to emerge from loosened monetary policies and 

excessive liquidity on the market is often blamed to exacerbate price fluctuations, 

especially in short run. 

Kiohos and Sariannidis (2010) explored, in the short run, the effects of oil and financial 

markets on the gold market. They used a GJR-GARCH model in testing the relationships 

between them using daily data from January 1, 1999 to August 31, 2009. Their findings 

showed that the oil market had positive influences on the gold market, and indicated 

volatility persistence in the gold market.  

Wei-Chong et al. (2011), utilizing the GARCH procedure, investigate the behavior of the 

Japanese stock market’s volatility with respect to macroeconomic variables. They use the 

gold price, the exchange rate, and the CDO and NIKKEI data from 1997 to 2000. They 

reveal that the selected macroeconomic variables have no impact on the volatility of 

Japanese stock Returns, and that GARCH models yield the best results.  

Alshogeathri (2011) used GARCH-X model to analyze the U.S. stock market volatility, 

and the effects of short-run deviations between stock prices and a set of selected 

macroeconomic fundamentals, which are the consumer prices, the exchange rate, the 

money supply, the income and the real oil prices. Monthly data from January 1978 to 

December 1996 is applied. His analysis shows that the macroeconomic variables have a 

positive and significant effect on the volatility of the stock market in the United States.  

Yu Hsing (2011) investigates and analyses the effects and impacts of some selected 

macroeconomic variables on the South African stock market index. He employed the 

exponential GARCH (Nelson, 1991) model in this analysis and reveals that the real GDP 

growth rate has a positive impact on the South African index. The ratio of the money 

supply to GDP and the U.S. stock market index positively influences the South African 

index, as well.  But government deficit ratio to GDP, the domestic inflation and the real 

interest rate, as well as the nominal effective exchange rate and the U.S. government bond 

yield have negative effects on the South African stock index and further concludes that the 

government or economic policy designers for the South African economy must pursue 

economic growth, fiscal prudence, a higher ratio of the money supply to GDP, a lower real 
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interest rate, depreciation of the rand, and a lower inflation rate in order to achieve and 

maintain a robust  stock market in south Africa. 

Olweny and Omondi (2011) investigated the effect of Macro-economic factors of foreign 

exchange rate, interest rate and inflation rate on the stock return volatility of Nairobi 

Securities Exchange, Kenya from January 2001 to December using EGARCH and 

TGARCH. They found that Foreign exchange rate, Interest rate and Inflation rate, affect 

stock return volatility. On foreign exchange rate, magnitude of volatility is relatively low 

and significant. This implies that the effect of foreign exchange on stock returns is 

relatively low though significant. Volatility persistence was found to be low and 

significant. This implies the effect of shocks takes a short time to die out following a crisis 

irrespective of what happens to the market. There was evidence of advantage effect, which 

means that volatility rise more following a large price fall than following a price rise of the 

same magnitude.  

Demisew et al. (2012) identified Export price of coffee, fuel oil price, inflation from food 

items and saving interest rate were as determinant factors of domestic price volatility of 

coffee using ARMA (1,1)-EGARCH (1,2) model with normal error distribution 

assumption and their   empirical finding revealed that the volatility of coffee price tends to 

overact in response to bad news (an unexpected increase in the domestic price) as 

compared to good news ,the structural analysis of volatility also showed that the impact of 

saving interest rate on the conditional variance of the price of coffee was stabilizing, that 

is, rising saving interest rate creates a more stable environment with less volatile prices. 

Cuervo et al. (2014) has been done the inferences for the volatilities of time series under a 

Bayesian approach, using popular simulation algorithms such as the Markov Chain Monte 

Carlo (MCMC) methods application to illustrate the proposed methodology and analyzed a 

financial time series of the Gillette Company ranging from January 1999 to May 2003.  

Anteneh et al. (2016) was model and identify the determinants of monthly domestic price 

volatility of sesame seed in North Gondar, Metema, Ethiopia during December 2001 to 

December 2014  using ARIMA (0, 0, 1)-EGARCH (4, 4) with GED distributional 

assumption and found that from candidate explanatory variables, export price for sesame, 

fuel oil price, exchange rate (dollar-birr), general inflation, inflation for nonfood items had 

statistically significant effects on the current month domestic price volatility of sesame 
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seed. Indicating monthly series, fuel oil price, Exchange rate and export price of sesame 

had a positive impact where as food inflation rate and general inflation had a negative 

impact on domestic price volatility for sesame seed.  

Addison et al. (2016) considered a panel of 35 commodity-dependent countries to 

investigate the impact of trade volatility originating from excessive commodity price 

fluctuations. He argued that commodity prices are volatile and natural resource prices, in 

particular, have been the deterrent factor to growth. They also discussed that countries 

experiencing high volatility in their commodity prices tend to grow slowly when compared 

to countries experiencing low volatility in their commodity prices.  

Siami et al (2017) applied Autoregressive Moving Average with an Exponential 

Generalized Autoregressive Conditional Heteroscedasticity (ARMA-EGARCH) and 

extracted the conditional variance series to identify volatility spillovers between money 

supply including monetary policies and commodity price index in USA. The findings 

showed that the volatility of agricultural commodity price index and other commodities 

price indices overshoot their long-run equilibrium in response to an impulse in monetary 

policy.  

Okechukwu et al. (2019) have employed GARCH(1,1 ) to study the impact of exchange 

rate, interest rate and inflation on Nigerian stock market returns volatility using monthly 

series data from 1995-2014. The finding shows that interest rate has negative relationship 

with stock market return volatility where as inflation rate and exchange rate have a positive 

relationship with stock market return volatility. They concluded that exchange rate, interest 

rate and inflation significantly affect stock market return volatility.  

Asgharian et al. (2013) employed the GARCH-MIDAS approach to examine whether 

information contained in macroeconomic variables can help to predict short-term and long-

term components of return variance. For the research, they use the S&P500 index along 

with seven macroeconomic variables, which are the unemployment rate, the growth rate in 

the industrial index, the inflation, the exchange rate, the default rate, the slope of the yield 

curve and the short-term interest rates. They apply data from January 1991 to June 2008. 

The research concludes that the GARCH-MIDAS forecast is superior to the traditional 

GARCH-model. It is also visible from the results that macroeconomic information not only 
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significantly enhances the forecast ability of the model in the long-term, but also improves 

the model’s accuracy in terms of prediction, when data is collected on a daily basis. 

Donmez and Magrini (2013) made use of the GARCH-MIDAS model to analyze the 

drivers of agricultural price volatility by combining high and low information provided by 

daily price and monthly, quarterly and yearly macroeconomic variables in Europe Union 

(EU). The finding revealed that incorporating macroeconomic variables into estimation 

model importantly improve the predictive ability of explaining dynamics of unconditional 

price volatility.  The author orders the important volatility drivers variables for 

endorsement of the policy makers. However, the author considers only cereal crops in 

domestic market not take into consideration of volatility of the whole commodity market.  

Therefore, this empirical literature showed that the GARCH-MIDAS model is crucial for 

handling time varying unconditional variance that is common high frequency data. This 

model able to captures data frequency mismatch that is a problem commonly faced with 

incorporating different macroeconomic variables as repressor variables.  
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3. RESEARCH METHODOLOGY 

3.1. Data Source and Variables 

The types of data used in this study are daily quantitative data of exported coffee price as 

proxy of daily coffee price and monthly data on the macroeconomic variables from 

January 01, 2008 to July 17, 2018 obtained from Ethiopian Custom Authority. Monthly 

data of dollar exchange rate, fuel oil price, inflation rate, consumer price index, money 

supply, interest rate were obtained from National Bank of Ethiopia. The variables of 

interest in this study are daily total coffee exported price, which was used as dependent 

variable in separate regression and inflation rate, dollar exchange rate, total consumption, 

interest rate, money supply, Fuel oil price, which were used as exogenous variables.  

3.2. Measurement and Definitions of Variables 

It is known that the most essential factors that affect the price of export of commodity are 

supply, demand and inventory of the stock commodities. To analyze market dynamics and 

price volatility it is essential to incorporate macroeconomic and financial variables. In 

present study, financial and macroeconomic determinants of coffee price volatility are 

selected based economic theory and viable literature. This study used daily data of 

Ethiopian coffee exported values over the period of January 01, 2008 to July 17, 2018. It 

included coffee export values as endogenous variable exchange rate, inflation rate, and 

interest rate, total consumption, money supply and fuel oil price as exogenous variables.  

Exchange rate (Dollar to Birr): currency exchange rate is the price of a currency of one 

country expressed as the price currency of another country. Depreciation of currency result 

in higher domestic commodities price due to an increase foreign demand to domestic 

commodities, whereas appreciation of exchange rate result in decrease in price of domestic 

commodities due to foreign demand to domestic commodities.  This implies that exchange 

rate measures the international competitiveness of goods produced domestically. To 

facilitate computation of the average real exchange rate indicating change in exchange rate 

increase the volatility of export coffee price volatility, and it is expected that there may be 

the direct effect. 
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Inflation rate: Inflation is an average increase of the overall prices. It is measured by 

percentage change in consumer price index represents the price of basket of goods in the 

current year to basket of goods and services in the base year. Power and Karali (2013) 

describe that an increase in inflation rate leads to an increase in price volatility. In addition, 

these levels of inflation have positive relationship with commodity price volatility. 

Interest rate: Interest rate is cost of capital or the price paid for the use of money for a 

period.  Its effect on commodity price can arise from two sources: the economy output 

level and changes in nominal money.  Economic output will affect price levels, which will 

in turn affect the interest rate level. The second source is the change in nominal money, 

which affect the interest rate through the change in real money, or through changes in total 

spending, which affect real output. Interest rates, in both ways contribute to fluctuations in 

stock prices. The inverse relationship between stock prices and interest rates is explained 

by the fact that stock prices reflect the present value of future cash flow to investors. In the 

present study Average, lending interest rate was used.  

Fuel oil price: It can have considered as the proxy of transportation cost and input cost 

fluctuation in agricultural commodities prices linked to increase in input cost and 

transportation cost since all are dependent on the fuel oil price or petroleum production. In 

view of the fact that the crude oil has the unprecedented volatility over the past few years, 

there is clearly a potential for this volatility to spill over into the volatility of commodity 

price through fuel and input in commodity market (Jonathan et al., 2011).  In this study, 

the amount of Ethiopian Birr expensed on the import fuel oil price was used. 

Total consumption: Consumption is defined as the acquisition of goods and services. 

Consumption is an essential component, defined in the mathematical representation of 

gross national product. According to the theory of Keran (1970), consumption is an 

integral part of the output of the economy. The level of consumption is linked to income 

and expectations. If expectations are low, the consumer trends will decline, which will lead 

to a fall in consumption.  

According to economic theory, an increase in consumption influences financial market 

prices in two ways, first, through an increase in economic output, and second through an 

increase in corporate earnings and profit, enabling an increase in stock prices, as opposed 

to rises in the interest rate, which causes a drop-in share prices. On its turn, the central 
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bank determines which factors will be dominant, through the action it takes to deal with the 

consumption. It is clearly established by economic theory that a relationship exists between 

share prices, consumption, the production economy and interest rates. Consumption has 

been the center of research interest as well. Chaudri and Smile (2004) used consumption as 

an independent variable in their research within the Australian context. Using a Johansen 

Integration test, along with an impulse response function and the forecast error variance 

decomposition analysis, they concluded that consumption and the stock index are related in 

the long- run.  

Money Supply: The supply of money (M) consists of the quantity of money in existence 

multiplied by the number of times this money changes that is the velocity of money (V). 

The transactions velocity of money which means the average number of times a unit of 

money turns over or changes hands to effectuate transactions during a period of time. Thus, 

MV refers to the total volume of money in circulation during a period of time. Since 

money is only to be used for transaction purposes, total supply of money also forms the 

total value of money expenditures in all transactions in the economy during a period of 

time. Based on the quantity theory of money which was provided by the American 

economist Irving Fisher (1911) in his book, “The Purchasing Power of Money”  other 

things remaining unchanged, as the quantity of money in circulation increases, the price 

level also increases in direct proportion and the value of money decreases and vice versa. 

Referencing this theory the money supply expected to affect the coffee price volatility 

positively.   

3.3. Financial Time series and their Characteristics 

Following Brooks (2008) financial time series analysis concerned with the theory and 

practice of asset valuation over time. Many financial studies are concerned with the 

analysis of return of assets rather than asset prices because return series are easier to handle 

than price series. The former have more attractive statistical properties. Financial data have 

some peculiar behaviors that are not usually observed in other non-financial types of data 

like:  

Volatility clustering: The tendency of large absolute returns to be followed by large 

absolute returns, and small absolute returns followed by small absolute returns.  
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Leptokurtic: To have distribution characterized by fat heavy tails and excess kurtosis of 

greater than three while normal distribution has kurtosis equals to three. 

Leverage effect: The tendency of volatility to rise more following a large price fall than 

price rise of the magnitude.  

In modeling coffee price series, the price of coffee is changed in to return series for the 

return series have more attractive statistical properties than price level. Therefore, coffee 

price on every day of the study period was transformed into log return series and used 

throughout this study, which is defined as: 

log 
 ��,�����,�� ∗ 100         (1) 

3.4. Test for Stationarity 

Assumption of stationary for a financial variable is a precondition because non-stationary 

data, as a rule are unpredictable and cannot be modeled or forecasted. The results obtained 

by using Non-stationary time series may be spurious in that they may indicate a 

relationship between two Variables where one does not exist. In order to get consistent 

reliable results, non-stationary data need to be transformed into stationary data. As 

mentioned above and econometricians agreed so far, return series are usually found to be 

stationary. Therefore, important to ensure stationary of the series before analyzing the price 

data. The stationarity of the series can be tested using Augmented Dickey Fuller (ADF) 

test (Dickey and Fuller, 1979) and Phillips-Perron test (Perron and Phillips, 1987). 

Following this two tests if the variables haves unit root (non-stationary), then the series 

need to be differenced to achieve stationarity 

To define the Dickey-Fuller test, considering the Autoregressive order one (AR (1)): 

��,� = �����,� + ��,�         (2) 

Where ��,� is assumed to be white noise. 

If � = 1, ��,� is non- stationary series which is random walk. 

The null and alternative hypotheses are defined as: 

H�: ρ = 1 

H�: ρ < 1          (3) 

The test statistic is the convectional t-ratio given by: 

t# = $%
&'($%)~	t#(p − 1)          (4) 
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Where ρ.	the OLS is estimate of ρ and se(ρ.) is the standardized errors of the estimate.  

According to Dickey and Fuller (1979) showed the distribution of the test under null 

hypothesis is nonstandard, therefor Monte Carlo simulated critical values for selected 

sample was used. Mackinnon (1991, 1996) has implemented much larger simulation than 

those tabulated by Dickey and fuller (1979). Additional Mackinnon (1996) estimates the 

response surface using the simulation results, permitting the calculations Dickey-Fuller 

critical values for any sample size and for any number of right-hand variables. The above 

unit root is only valid for series of AR (1) process. This implies that if the series is 

correlated at higher order lags, the assumption of white noise disturbance is violated.  The 

ADF test uses different method to control for higher order serial correlation in the series by 

incorporating parametric correction by assuming that the series follows an AR (P) process 

and adjusting the test methodology. 

3.4.1. The Augmented Dickey Fuller (ADF) Test 

The ADF test approach controls for higher -order autocorrelation by adding lagged 

difference terms of the dependent variable to the right-hand side of the regression process. 

For AR (p) model assuming the process does not exhibit any trend and has a non-zero 

mean in the regression. 

∇r3,4 = μ + αr3��,4 + ∑ ϕ9�9:; ∇r3��,4 + ε3,4       (5) 

Where = = −>1 − ∑ ?@A@:� B  and  C@ = ∑ �DAD:@E�  

The statement of assertion is given as: 

H�: α = 0 

H�: α < 0          (6) 

Two problems are faced in under taking the ADF test. The first problem is the number of 

lagged to be included. It is important to include the sufficient lags to remove any serial 

correlation in the residual. The other problem is whether to include constant term and the 

trend in the regression. The choice is important since the asymptotic distribution of the t-

statistic under the null hypothesis based on the assumptions regarding the deterministic 

terms. 
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3.4.2. The Phillips and Perron (PP) Test 

Perron and Phillips (1987) have developed more comprehensive theory of unit root test. 

They give the same conclusion as ADF tests, but it requires complex procedure to calculate 

test statistic. The Phillips-Perron (PP) unit root test differ from ADF test mainly in how it 

deal with serial correlation and heteroscedasticity in the errors non-parametrically by 

modifying the Dickey Fuller test statistic. Thus, Phillips and Perron test statistic can be 

viewed as Dickey-Fuller statistic that have been made robust to serial correlation by using 

Newey-West (1987) heteroscedasticity and autocorrelation consistent covariance matrix 

estimator of error term by modifying the test statistic �F:G	and	K�=.  
 Where: t#:G = $%

&'($%)   and  N4α% = #%
&'(#%)  , ρ.  and =.  are OLS estimate ofρ	and	α , and 

se(ρ.)	and	se(α%)  are estimated standard errors of parameters from the data. 

The modified statistics for the two parameters denoted as 	Ζ4	and	Ζ# are defined as: 

Ζ� = NO%P
QRP �F:G − �

; SQRP�O%PQRP T SUV>WX(F%)BO%P T      (7) 

ΖF = N4α% − �
;
Y�P>&'(#%)BZ%P >λ\; − σ%;B, σ%;	  is consistently estimated from sample variance of 

error term and ̂_; is estimated from the Newey-West long run variance estimate of the 

error term. That is, 

.̀; = limUV→d K���∑ Ε>��,�;BUV�:�        (8) 

_̂; = limUV→d ∑ Ε S �
UV∑ ��,�UV�:� T;UV�:�        (9) 

Under the null assertion	α = 0, Ζ�	and	Ζ# statistics have the same asymptotic distribution 

as ADF t-statistic. However, PP test are robust to general forms of heteroscedasticity in 

error terms and the user has not obligation to specify a lag length of the test regression. 

3.5. Model Specification  

In this study, there are three distinct model specifications of ARMA, GARCH and 

GARCH-MIDAS models for modeling coffee price with significant macroeconomic 

variables. First specifications of ARMA model using Information criteria for the 

conditional mean in return series as initial regression is identified. Afterwards testing the 

present ARCH effect in residual series from the mean model and fitting the GARCH model 

under three distributional assumption of Gaussian, Student’s t distribution and generalized 

error distribution, and GARCH model  having minimum  information criteria is selected 
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for modeling coffee  price return volatility with Quasi-maximum likelihood and Bayesian 

estimation.  Residual diagnosis test was performed on the innovation from selected 

GARCH and test of time varying unconditional variance performed if there  exist 

remaining ARCH effect , if there is remaining ARCH effect, GARCH-MIDAS model with 

one macroeconomic variable at a time is fitted. Before specifying the conditional variance 

model, appropriate mean model specification is required.  In this study, an ARMA (box 

and Jenkins) methodology was applied.  

3.5.1. Autoregressive Moving Average (ARMA) 

The Box-Jenkins time series model such as Autoregressive (AR), Moving Average (MA) 

and ARMA are often very useful in modeling general time series data. Univariate time 

series having both autoregressive and moving average, ARMA having p and q order of 

autoregressive and moving average respectively is more parsimonious representation of the 

series than purely autoregressive and moving average. The model revealed that current 

values of return series linearly depend on its own past values and the combination of 

current and previous values of error term. A general ARMA (p, q) model can be written as: 

y3,4 = α� + ∑ α3y3�9,4�9:� + ε3,4 − ∑ βhε3�h,4ih:�       (10) 

Where ε3,4 is a white noise series, p and q are order of autoregressive processes of the 

model and α�  is constant term and α�, α�, …… , α�   and β�, k;, …… , βi are AR and MA 

parameters respectively.It is also possible to express ARMA (p, q) using backward shift 

operator as: 

α(B)y,4 = α� + β(B)ε3,4        (11) 

Where α(B)	and	β(B) are polynomial in backward operator of AR (p) and MA (q) defined 

by α(B) = 1 − α�B − α;B; −⋯ .−α�B�  and	β(B) = 1 − k�	B − k;	o; −⋯……− βiBi 

.The AR (p) is stationary if the root of α(B) = 0 lied outside the unit root circle and MA 

(q) invertible if β(B) = 0 lied outside the unit circle. 

3.5.2. Autoregressive Integrated Moving Average (ARIMA) 

In real world application, most macroeconomic variables series are inhibiting trending or 

non-stationary and thus, cannot be modeled as stationary ARMA model directly. One 

possible ways of modeling non-stationary is differencing to make them stationary. The 

basic process of Box Jenkins (1979) of ARIMA (p, d, q) model includes the AR (p), the 
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integrated process d and MA (q) process. It is also possible to define the ARIMA (p, d, q) 

in terms of lag polynomial as: 

α(B)(1 − k)pq�,�=α� + β(B)ε3,4       (12) 

Where d is the number of differences required for series to be stationary. 

3.6. Conditional Volatility Model 

The Box-Jenkins convectional time series models are based on the assumption of 

homoscedasticity, implying the conditional variance of residual extracted from the mean 

model is constant at any time. However, in real-world application of modeling financial 

time series, the conditional variance of error term is time varying, indicating the existence 

of the heteroscedasticity in the data. To capture such effects, Engle (1982), proposed the 

autoregressive conditional heteroscedasticity (ARCH) model that states the variance of the 

error term from the mean model at time t depends on the previous information or shocks. 

Bollerslev (1986), generalized the ARCH model to GARCH which parsimonious and 

allows more flexible lag structure in the conditional variance. 

3.6.1. ARCH model 

The first model that provides systematic framework for volatility modeling is the ARCH 

model of Engle (1982). The general behind the ARCH model is that the innovation term is 

serially uncorrelated but dependent in which its dependency structure can be described by 

simple quadratic function of its previous values. An ARCH (P) is represented by: 

σ;3,4 = α� + ∑ α9�9:� ε;3�9,4        (13) 

Indicating α� is constant term and α�, α;, … , α� is coefficients of the ARCH terms. With 

non-negativity condition, α�>0,  α9 ≥ 0, k = 1,2… . , p. The residual from the conditional 

variance model white noise at the selected p lag and the process is covariance stationary if 

and only if	∑ α9�9:� < 1. 

Tsay (2005) identify the shortcoming of the ARCH model that requires a large numbers of 

parameters to estimate volatility of price return and it does not give any indication about 

the effect of previous volatility on the current volatility.  
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3.6.2. GARCH model 

Bollerslev (1986) develop a more flexible generalization of the ARCH, which is GARCH 

model. GARCH model state that conditional variance is affected not only the past 

innovation but also the lagged values of conditional variance also affect the conditional 

variance.  This model is more flexible and parsimonious than the ARCH model. It reduces 

number of parameters to be estimated.  The general specification is when the current 

conditional variance is parameterized depending up on p lags the squared errors and q lags 

the conditional variance specified as: 

σ;3,4 = α� + ∑ α9�9:� ε;3�9,4 + ∑ βhσ;3�h,4ih:�       (14) 

Where α� is constant term long term variance to which the system converges, α�, α;, … , α� 

parameters that indicates the effect of squared lagged innovation on the current volatility, 

and  β�, β;, … , βi  reflects the effects of lagged past expected variance on the current 

volatility. The necessary sufficient condition for the non-negativity of conditional variance 

the GARCH process is:α_o > 0, α_k ≥ 0, and	βh ≥ 0 , the system is only covariance 

stationary if the condition ∑ α9�9:� + ∑ βhih:� <1 is satisfied indicating the conditional 

variance converges to long-term average values of the variance as the prediction horizon 

increases. In most empirical applications, it turns out that the simplest specification 

GARCH (p, q) able to reproduce the volatility dynamics of financial data.  This model is 

estimated using classical maximum likelihood and Bayesian estimation in this study. 

3.7. Residual Diagnostics for Building GARCH Type Model 

Box and Jenkins (1976) models of ARMA or ARIMA is based on assumption of constant 

variance residual distribution. After mean model of ARMA or ARIMA is estimated, test 

for determining if ARCH effect is present in residual in fitted mean model should be 

employed to determine volatility model. The residual from the mean model is, ε3,4	 = y3,4 −
μ  the squared residual term  ε3,4;   is used to check for conditional heteroskedasticity.  

According to Brooks (2008), Lagrange Multiplier and Ljung test can be used test for 

ARCH effect. 

3.7.1. Lagrange Multiplier Test for ARCH Effect  

 Lagrange Multiplier test, which involves regressing the squared residuals of the first p, 

lags as 
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ε.;3,4 = α� + α�ε.;3��,4 + α;ε.;3�;,4 +⋯+ α�ε.;3��,4 + η3,4    (15)  

Where the last term η3,4 is white noise process.  

In addition, the resulting hypothesis from the equation is: 

H�: α� = α; = ⋯ = α� = 0        (16) 

H�: at	least	αh ≠ 0, for	j = 1,2, … , p 

The test statistic defined as LM = NR; which is distributed as chi-squared with p degrees 

of freedom N is a number of observation and R; is the coefficient of determination from 

equation (13).  The rejection of null hypothesis declares that presence of ARCH effects. 

According to Tsay (2005), for sample size sufficient to GARCH type model, LM test is 

equivalent to the usual F statistic, which jointly tests the significance of all lagged squared 

residuals. The F statistic is defined as: 

F = ����������������P���
~F(P, N − 2P − 1)       (17) 

Where,SSR� = ∑ ∑ >ε.;3,4 −ϖB;�4:�Y4:�E� , ϖ = �
Y∑ ∑ ε.;3,4�4:�Y43:� ,  

SSR� = ∑ ∑ η.;3,4�4:�Y43:�E� , η.3,4, least square residuals from above auxiliary regression. 

3.7.2. Ljung Box Test 

Box and Pierce (1970) develop the portmanteau test, which jointly test whether there is 

serial dependency in the squared residuals. The test statistic defined as: 

Q(m) = N∑ ρ.;3�3:� ~χ;(m)        (18) 

Ljung and Box (1978) modify  Q(m) statistic to increase the power of the test in finite 

samples as:  

LB = N(N + 2)∑ $%P�Y�3�3:� 	~χ;(m)       (19) 

Where ρ.;3 is the lag i4� autocorrelation of the fitted ARMA (p, q) model equation.  

The hypothesis of the test is given as: 

H�: ρ� = ρ;… = ρ� = 0 

H�: at	least	one	pi ≠ 0       (20) 

The null hypothesis of no ARCH effect is to be rejected if the computed value of the test 

statistic is greater than the critical value from the chi-square distribution with m degrees of 

freedom. 
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3.7.3. Test for Asymmetry in Volatility 

Engle and Ng (1993) have proposed a set of tests for asymmetry in volatility of sign and 

size bias tests. This test are used to determine whether an asymmetry model is required for 

a given series and to check whether positive and negative shocks have different impacts on 

the conditional variance and it is applied to the residual of the GARCH model. For 

�S�4�� = 1, if	ε.3��,4			 < 0, and	zero	otherwise	,  where ε.3,4  is the residual from the 

estimated conditional mean model under the null hypothesis of constant variance. It is 

based on the auxiliary regression defined as: 

ε.;3,4 = ϕ� +ϕ�S�4�� + ν3,4        (21) 

Where ν3,4 is an error term, this equation explains that the negative of shock of  ε.3��,4  
affect conditional variance, then ϕ� is statistically significant.   

In the case when the magnitude or size the shock will affect volatility defined as: 

ε.;3,4 = ϕ� +ϕ;S�4��ε3��,4 + ν3,4       (22) 

The significance of ϕ; indicate the presence of negative size bias.  

The positive sign bias test is given by: 

ε.43; = ϕ� + ϕ�S4Eε.4�� + u4,         (23) 

The Equation (23) depicts that Positive shock affect the conditional innovation, and then 

C�  is statistically significant.  

Instead of running three different equations, it is possible to follow Engle and Ng (1993) in 

estimating the jointly the three effect as: 

ε.4; = ϕ� + ϕ�S4� + ϕ;S4��� ε.4�� + ϕ�S4��E ε.4�� + u4     (24) 

T-test corresponding to H�: ϕ3 = 0	vs	H�: ϕ3 ≠ 0, ∀3= 1,2	and	3  is reported, as well as 

their p-values. Finally, a joint test for H�: ϕ� = ϕ; = ϕ� = 0	also	provided	and	 from 

each regression, it is possible to calculate  NR; , which is asymptotically distributed as chi-

square with two degrees of freedom under null hypothesis of no asymmetric effects, where 

the coefficient of determination is computed from the specified regressions. 

3.7.4. Test of Normality of Residual  

The Jarque and Bera (1987) test is usually used to test the null hypothesis that a series is 

normally distributed. The Jarque-Bera test statistic is given as: 

JBR = Y
� 
S; + (���)

�
;�~χ;(2)        (25) 
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Where N is the Number of observation, S is sample coefficient of skewness and K is 

sample coefficient of kurtosis. Under the statements of the assertion of the null hypothesis 

JB test statistic is distributed as χ;(2) and a large values of JBR  indicates departure from the 

normality.  

3.8. Estimation of GARCH (p, q)  

3.8.1. Maximum Likelihood Estimation 

A GARCH (1, 1) model with Student –t distribution for the log returns of �r4� may be 

written via data augmentation of (Geweke, 1993). 

r4 = ε4 S��;� ϖ4h4T
�P , t = 1,… , T       (26) 

ε4~iid	N(0,1)           

ϖ4~iidIG Sν2 , ν2T 

h4 = αG + α�ε;4�� + β�h4�� 
α� ≥ 0, α�, β ≥ 0, ν > 0; Ν(0,1) denotes the standard normal distribution;ΙG denotes the 

inverted gamma distribution, the restriction on the degrees of freedom parameter ensures 

the conditional variance to be finite and the restriction on the GARCH parameter 

guarantees its positivity.  In order to write the likelihood function the vector of the return is 

defined as r = (r�, r;, … , r4)£, ϖ = (ϖ�, ϖ;, … , ϖ�)£		and	α = (α�, α;) by regrouping the 

model parameters into the vectors ψ = (α, β, ν)  by defining the ¥¦¥ diagonal matrix  

Σ = daig 
¨ϖ4 υ − 2v h4(α, β)ª�4:�
�
 

Where h4 = α� + α�ε;4�� + βh4��(α, β) therefore the likelihood of  (ψ,ϖ) defined as  

L 
ψ,ϖ ε4⁄ ∝ |Σ|��; exp ¯−12 ε4;Σ��°� 

3.8.2. Distribution Assumptions of Error 

Engle (1982) and Bollerslev (1986) suggest normal distribution for the residual (ε3,4) in 

volatility model especially for financial time series which specified as: 

f>ε3,4B = �
±;²ZP�,� e

³P�,�´P�,�  =
�

Z�,�√P¶ e
·P�,�P       (27) 
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However, this distribution not effectively describes the thick tails of price return due to the 

excess kurtosis. This leads relaxing the normal distribution assumption to student-t, which 

is suggested by Bollerslev (1987), and Generalized error distribution introduced by Nelson 

(1991). Bollerslev (1987) showed that student-t distribution better in capturing the 

observed kurtosis in empirical GARCH type models. The probability density is given by: 

f>ε3,4B = ¸¹Sº»�P T¼
√�²	¸¹ºP¼½�E³P�,�º ¾

º»�P          (28) 

Where the Γ(. ) is the gamma function ν is the shape parameter. The lower the values of the 

shape parameter the fatter the tail of the density. The distribution also symmetric around 

zero mean and the distribution converge to standardized normal distribution as the shape 

parameter goes larger and larger. 

Nelson (1991) suggests the GED for estimating GARCH type model, which is both 

leptokurtic and platykurtic. Depending on the degrees of freedom,	ν	(ν > 1), the density of 

distribution is defined as: 

f>ε3,4B = �'��PÀ³�,�Á À
¸S�ºTÂ;S

º»�º T         (29) 

λ is tail-thickness parameter defined :   λ = Ã;
�Pº 		¸¹�º¼¸SÄºT Å

�P
 

The parameter ν is measures of flatness of the tails. When the parameter, ν = 2, the GED 

is a standard normal distribution, and when it is less than 2 the tail are thicker than the 

normal distribution case and if it is greater than two tails are thinner than the normal case. 

If it goes in to infinite, the GED becomes the uniform distribution on the 

interval	Æ−√3	, √3Ç. 
3.8.3. Bayesian Estimation of GARCH (p, q)  

The Bayesian approach offers an attractive alternative, which enables small sample results, 

robust estimation, model discrimination, model combination, and probabilistic statements 

on possibly nonlinear functions of the model parameters. The package bayesGARCH of 

Ardia (2017) implements the Bayesian estimation procedure for the GARCH (p,q) model 

with Student-t innovations. The approach, based on the work of Nakatsuma (1998), 

consists of a Metropolis-Hastings (MH) algorithm where the proposal distributions are 
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constructed from auxiliary ARMA processes on the squared observations. This 

methodology avoids the time-consuming and difficult task, of choosing and tuning a 

sampling algorithm. The program was written in R with some subroutines implemented in 

C++ in order to speed up the simulation procedure. The validity of the algorithm as well as 

the correctness of the computer code has been verified by the method of (Geweke and 

Tanizaki, 2004). 

3.8.4. Model Priors and MCMC Schemes 

The Bayesian approach considers the (ψ,ϖ) as random variables, which is characterized 

by prior density denoted by	p(ψ,ϖ). The prior is identified by the parameter called hyper 

parameter are initially known and constant. Then by coupling the likelihood function of the 

model parameters with prior density, transforming the probability density using Bayes rule 

to obtain the posterior or the full probability p(ψ,ϖ ε4⁄ ) model as: 

p Sψ,ϖ ε4⁄ = È>É,Ê Ë�⁄ ,�(É,Ê)B
ÌÈ(É,Ê Ë�⁄ )�(É,Ê)ÍÉÍÊT       (30) 

The above posterior is a quantitative, probabilistic description of the knowledge about the 

model parameters after observing the data (Gamerman and Lopes, 2006). The truncated 

normal priors on the GARCH parameters α	and	β  used for the study are defined as: 

p(α) ∝ ϕN;(α μα, Σα⁄ )1�αϵRE; � 
p(β) ∝ ϕN�(μβ, Σβ)1�βϵRE�        (31) 

Where μ	and	Σ	are	hyper	parameter	 and 1�. � is the indicator function and ϕNÍ is the d-

dimensional normal density.  

The prior density distribution of vector  Ï conditional on ν is found by noting that the 

components ϖ4  are independent and identically distributed from the inverted gamma 

density, which yields: 

ϖ ν⁄ = Sν2T
��;

ÐÑ
ÑÑ
Ò
Γ Sν2T

�� ÓÔϖ4
�

4:�
Õ
�Ö;	�� exp Ã−12× vϖ4

�

4:�
Å
ØÙ
ÙÙ
Ú
 

Following Deschamps (2006) the choice of prior distribution on the degrees of freedom 

parameters. The distribution is a translated exponential with parameter	λ > 0	and	δ ≥ 2, 

p(ν) = λexpÜ−λ(ν − δ)Ý1�ν > δ�  
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For the large values of	^, the mass of the prior is concentrated in the neighborhood of Þ 

and a constraint on the degrees of freedom can be imposed in this manner. The normality 

of error is assumed when Þ is chosen large. As Deschamps (2006), the prior density is 

useful for two reasons. First potential important for numerical reasons, to bind the degrees 

of freedom parameters away from two to avoid explosion of the conditional variance.  

Second, to approximate normality of the errors while maintaining reasonable tight prior 

this can improve the convergence of the sampler. Therefore the joint prior distribution is 

then formed by assuming prior independence the parameters, that is  

p(ψ,ϖ) = p(α)p(β)p(ϖ ν⁄ 	)p(ν)       (32) 

The recursive nature of the GARCH (1,1) variance equation implies that the joint posterior 

and the full conditional densities cannot be expressed in closed form. There exists no 

(conjugate) prior that can remedy this property. Therefore, we cannot use the simple Gibbs 

sampler and need to rely on a more elaborated Markov Chain Monte Carlo (MCMC) 

simulation strategy to approximate the posterior density. The idea of MCMC sampling was 

first introduced by Metropolis et al. (1953) and was subsequently generalized by (Hastings, 

1970). The MCMC sampler implemented in the package bayesGARCH is based on the 

approach of (Ardia, 2017). The algorithm consists of a MH algorithm where the GARCH 

parameters are updated by blocks (one block for  and one block for b) while the degrees of 

freedom parameter is sampled using an optimized rejection technique from a translated 

exponential source density. This methodology has the advantage of being fully automatic. 

Moreover, in experience, the algorithm explores the domain of the joint posterior 

efficiently compared to naive MH approaches or the Griddy-Gibbs sampler of (Ritter and 

Tanner, 1992). 

3.9. GARCH-MIDAS Model 

Engle and Rangel (2008) introduce the Spline-GARCH model that able to decompose the 

conditional variance multiplicatively into short term and time varying long-term volatility 

components. The intention is based on the idea that time varying unconditional variance 

exists in high frequency data like daily or intra-daily.  However, Engle and Rangle were 

considering macroeconomic variables directly into their model specification because of 

macroeconomic variables are not observed at higher frequency. 
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Engle et al. (2013) develop GARCH-MIDAS component model that allows the conditional 

variance of high frequency data to be the product of short-run GARCH component and the 

long-run component. The short-run, which is the mean reverting GARCH process, captures 

the fluctuation of short-run volatility component, while the long-run component captures 

the long-term component derived from the effect of macroeconomic variables.  

In this study, GARCH-MIDAS components based on Engle et al. (2013) in which the daily 

price volatility is decomposed into long-term and short-term components. The short-term 

component is mean reverting process of conditional variance of short-lived innovation or 

shocks that could potentially affect the temporary variation. Moreover, the long-term 

component relates the important factors like macroeconomic variables to daily return price.  

The GARCH-MIDAS model of the day	i, and period t return can be described as: 

y3,4 = μ + σ3,4Z3,4 = μ + ±τ4g3,4Z3,4, ∀3, i = 1,… . . , N4       (33) 

Where y3,4  the price return on day (i = 1,2, … . . , N4) within period t (t = 1,2, … . . , T) where 

the period t is moth in the present study. The conditional mean of the price return assumed 

to be constant. i. e. E>y3,4âφ3��,4B = μ, ∀	it	  Where the φ3��,4		contains all information set up 

to (i − 1)4�	 days of the period t. The innovation term >ε3,4B in the mean equation has a 

conditional zero mean E>ε3,4âφ3��,4B = 0 and the conditional variance	var>ε3.4âφ3��,4B =
σ;3,4, implies	ε3,4 φ3��,4⁄ ~N>0, σ;3,4B. The innovation in high frequency data is decomposed 

as follows: 

ε3,4 = σ3,4Z3,4          (34) 

Where σ3,4 > 0, Z3,4 and σ3,4 are independent and Z3,4 is the standardized normal innovation 

distributed as   Z3,4 φ3��,4⁄ ~N(0,1). 
In GARCH-MIDAS model, the conditional variance σ;3,4 is the product of the short-term 

component of daily mean reverting GARCH process and the long term or permanent 

component within each month, which is unconditional, or long-run component defined as: 

σ;3,4 = g3,4τ4          (35) 

3.9.1. Short-term Volatility Component 

According to Engle et al. (2013), the volatility dynamics the short-run component,g3,4 
follows a mean reverting GARCH (1,1) process of Bollerslev (1986) by incorporating the 

effect of long-run component in its specification.  



36 
 

 

 

g3,4 = (1 − α − β) + α >ä���,��åBPæ� + βg3��,4      (36) 

Where 1 − α − β represents the constant term, α represent the effects of previous lags of 

squared innovations from the mean equation, β indicates the effect previous conditional 

variance. The true parameters in short-run component can be defined as η = (α, β)£ and the 

Non-negativity of the variance are α ≥ 0, β ≥ 0, α + β < 1. The standard GARCH(1,1)  in 

(12) is nested where τ4:1 and it is time varying when τ4 ≠ 1, the unconditional variance 

component τ4 is time varying, making σ;3,4 non-stationary. 

3.9.2. Long-run Volatility Component (MIDAS)  

The long-run component τ4 assumed to respond to economic condition over relatively long 

period and the condition are represented by financial or macroeconomic variables. In 

MIDAS regression and filtering, the long-run component is assumed smoothed measures 

of past values of macroeconomic variables. As Engle et al. (2013) the expectation of short 

term component defined as Ε>g3,4âψ3��,4B converges to unity and the long term volatility 

component would be predetermined with respect to information set which is proved as: 

= Ε S>y3,4 − μB;çψ3��,4T = Ε è>ε3,4B;çψ3��,4)é 
= Ε>Ζ3,4;âψ3��,4B ∗ Ε>σ3,4;âψ3��,4B, Indicating Ζ3,4	and	σ3,4	 is independent. 

= Ε>σ3,4;âψ3��,4B, Ζ3,4~N(0,1) 
= Ε>τ4g3,4âψ3��,4B 
= τ4Ε>g3,4âψ3��,4B 
= τ4	 
 αG1 − (α + β)� , α�:1 − α − β 

= τ4	 
 1 − α − β1 − (α + β)� 

= τ4 
1 − α − β1 − α − β� 

= τ4	(1) 
= τ4 
According to the Asgharian et al. (2013), the unconditional variance which is long-run 

component is varies with different specification, while the equation for short term remains 
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the same in any model specifications. The general idea behind their view is that building an 

optimal model representation with macroeconomic variables required the selection of time 

span t and MIDAS lag year (k) which is to be used in MIDAS polynomial specification of 

the low frequency component. In the present study for long run volatility component 

estimation from rolling window and fixed window, the later one which is fixed window 

estimation technique in which the long term volatility component changes based on the 

frequency of macroeconomic variables. The fixed window component is more appropriate 

than rolling window in which assume that both short-run and long-run volatility 

components are changed at daily frequency. In this study, the long-run components are 

function of realized volatility and macroeconomic variables. 

3.9.3. MIDAS-Realized Volatility 

Engle et al. (2013) and Wang and Ghysels (2014) specify the long-run component with 

realized volatility in the last N4 days as an explanatory variable. In the specification, the 

long-run component is specified by smoothing the realized volatility with MIDAS 

regression. Yet macroeconomic variables are not included and the MIDAS filtering method 

handles the long-run component by weighting function of realized variances or realized 

volatility (RV) defined by: 

τ4 = m+ θ�∑ φ9�9:� (ω�, ω;)RV4�9       (37) 

Where K is the number of periods over which volatility is smoothed and, τ4 represent the 

long-run component, which is time varying trend, m is constant term, θ�  indicates the 

impact of fixed time span realized volatility on the long-run component and φ(ω�, ω;)	is 

parsimonious weight specification for realized volatility effect. RV4�9, is the lag k realized 

volatility computed as: 

RV4 = N∑ r3,4;Y43:�          (38) 

Where Nt is the number of trading days.  

In order to avoid the negativity in the long-run volatility component estimation the log 

form is often employed: 

logτ4 = m+ θ�∑ φ9(ω�, ω;)�9:� RV4�9      (39) 
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 3.9.4. MIDAS with Macroeconomic Variables  

Following the Conrad et al. (2014), explicitly the impact of each macroeconomic variable 

at lag k, where K is number of period over which volatility is smoothed over fixed time 

span is given as:  

logτ4 = m+ θ;∑ ψ9�9:� (ω�, ω;)X4�9      (40) 

Where m	 is constant and  θ; is sign impact of each macroeconomic variable at lag k, K is 

number of period over which volatility smoothed and ψ9(. ) Positive weighting function of 

the Midas scheme. Under this estimation direct linkage coffee price return with 

realized volatility and macroeconomic variables enables to use data sampled at different 

frequency with MIDAS regression filtering, the number of parameters to be estimate are 

fixed regardless of number of lags, which makes model parameterization more 

parsimonious and the other beauty of  estimating with this model is non-negative weight  

attached to the lagged variable leads to positive estimate of volatility regardless of different 

scheme of weighting.  

 Generally from the MIDAS representation of realized volatility and macroeconomic 

variables θ = (θ�, θ;)  is vector of slope parameters of the long-run component that 

indicates the anticipated impact the past behavior of realized volatility and macroeconomic 

variables on the volatility of price return. If the long-run component is constant, implying 

θ = 0  the model is the traditional mean reverting GARCH process with constant 

conditional variance. φ9(ω�, ω;)  is the function defining the weighting scheme for 

MIDAS filter,  and  the beta weighting scheme of φ9(ω�, ω;) is non negative function of 

ω�	and ω; indicating the impact of realized variance and macroeconomic variables on the 

long-run volatility component under MIDAS representation. For the weight of forecast 

data, the highest weight should be given to the more recent observation because volatility 

depend more on the recent values than distant past values indicating ergodicity of the 

process.  

Engle et al. (2013) proposes the two specifications of Beta and Exponential Almon 

weighting lag structures, where Beta weighting structure is more flexible to accommodate 

various lag structures and this study considered the flexible weighting lag structure defined 

as: 
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Implying ∑ φ9�9:� (ω�, ω;) =1,φ9 ≥ 0 , for k = 1,2, … . K . The weight scheme should 

parsimoniously lag structure of each regression that is completely determined by the 

parameters of ω� and ω; which are essentially determine the shape of the distribution of 

lagged effects. These two parameters can accommodate monotonically increasing, 

decreasing and uni-modal hump-shaped weighting schemes.  

To come up with the shape of lagged effect, Wang and Ghysels (2014) recommend 

restricted beta weight, ω� = 1 and  ω; > 1 indicating closer observation contributes more 

information to long-run volatility than distant observation. The parameter ω;  the rate 

decay and large values of the parameter implies rapid decaying pattern of the weighting 

function and small value of parameter indicate slow decaying of the pattern and gives 

small weight to nearest observation.  Therefore, Engle et al. (2013) should be followed for 

the present study for the proper estimation of long-run volatility component fixing the ω� 

which makes the monotonically decreasing weighting function over the lags indicating no 

prior preferences for the selection of ω;.  
 3.10. Assumptions of GARCH-MIDAS Component Models  

The main assumptions of GARCH-MIDAS Models are: 

1. The unconditional mean of the residual from the mean equation is zero, Ε>ε3,4B = 0, and 

the variance of residual from the mean model is conditionally heteroskedastic, 

var>ε3,4âε3��,4, ε3�;,4, …… B = σ3,4;. 
2. The unconditional variance is time varying. 

3. The innovation terms are independent having normal or student-t or GED with mean 

zero and conditional variance, σ3,4; = τ4g3,4. 
4. There are serial autocorrelations among successive innovation terms in GARCH type 

model. 



40 
 

 

 

3.11. Test for Building GARCH-MIDAS Model 

3.11.1. Test for Time Varying Unconditional Volatility 

Before fitting GARCH-MIDAS model it is important to conduct a test of whether 

unconditional variance or long-run volatility time variant or not. This test may be 

conducted after fitting traditional GARCH model to test if the estimated squared 

standardized residual still inhibits the behavior of heteroscedasticity and higher serial 

correlation or by directly regressing the long-run component on the time trend. If the 

condition is satisfied, it is need to look forward for higher order GARCH (GARCH-

MIDAS) component model that can capture the time varying unconditional variance in the 

model specification process. The test procedure for test can be conducted using ARCH 

effect on the squared standardized residuals from the fitted GARCH (1, 1) model.  

3.11.2. Lagrange Multiplier (LM) Test 

Lundbergh and Terasvirta (2000) suggest regression based LM test for testing remaining 

ARCH effect on squared standardized residual in the fitted GARCH type model. 

Forε3,4 = σ3,4Ζ3,4 = ±τ4ô�,�Ζ3,4, Ζ3,4is sequence of independently and identically distributed 

random variables with zero men, unit variance and symmetric distribution with zero 

skewness hypothesis test procedure of: 

1. Estimate parameters of conditional variance model under the null hypothesis, compute 

the squared standardized residuals 	ΖR ;3��,4 = Ë.P���ô.���,� and 	SSR� = ∑ (Ζõ;3��,4)Y3:�  

2. Regress Ζ\;3,4 on Ζ\3��,4 = >Ζ\;3��,4, Ζ\;3�;,4, … , Ζ\;3��,4B	and	η.4 
Z\;3,4 = ϕ� + ϕ�Z\;3��,4 + ϕ;Z\;3�;,4 +⋯+ ϕ�Z\;3��,4 + λ£η.4 + u3,4 
And under take the sum of squared residuals (SSR�) where the vector η.4 consists of partial 

derivatives of the conditional variance g.;3,4 with respect to the parameters in the original 

GARCH model evaluated under the null hypothesis defined as: 

 η.4 = g.;�� 3,4 öô.P�,�ö÷ , where η  is the vector of parameters from GARCH model. 

3. Compute test statistic: 

LM = N øøù��øøù�øøù� ~χ;(m)       (42) 
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Under the Null hypothesis, LM is asymptotically distributed as χ;(m) with m degrees of 

freedom. If the values of the test statistic are greater than the critical values from the chi-

squared distribution, the null assertion is rejected which no is remaining ARCH effect on 

the fitted GARCH type model. In such condition volatility component model is 

appropriate. 

3.11.3. Portmanteau Test  

Li and Mak (1994) introduced a portmanteau statistic for testing the adequacy of the 

traditional GARCH type model. The null hypothesis of statistics revealed that the squared 

and standardized innovation process in fitted GARCH type model is not auto correlated.  

For the autocorrelation, ρ = (ρ�, … , ρ;)£   be vector of the first m autocorrelation of  

Z\;3��,4 = Ë.P���,�ô.���,�  . The null hypothesis that the squared standardized error process in the 

estimated GARCH type model is not auto correlated is defined as: H�: ρ = 0. Under the 

assumption of normality, Li and Mak (1994) showed that √N	ρ. is asymptotically normally 

distributed where: 

ρ. = S �
;YT∑
 Ë.P�,�ô.���,�� d\ 3,4 , d\ 3,4 = 
Ë.P���,�ô.���,� − 1, . . , Ë.P��úô.��ú,� − 1�    (43) 

The portmanteau statistic is given by: 

Q(m) = Nρ.£G$(η.)��ρ.	~	χ;(m)       (44) 

Where G�(η.)the asymptotic covariance matrix of is ±Nρ. defined as: 

Gû(η.) = I� −W�(η.)£D��(η.)W�(η.) 
As the 		plimY→þN��∑d\ 3,4 d\ £3,4 = 2I�		under	H�,W�(η.) 	− S �

;YT∑υ.4d\ 3,4, and	D��(η.) =
(∑υ.4υ.£4)��   which is consistent estimator of the relevant block of information matrix 

evaluated at	η = η. . This statistic is asymptotically distributed as χ;(m) under the null 

hypothesis. Rejection of the null hypothesis indicates the existence of estimated GARCH 

type model.  

3.12. Estimation of GARCH-MIDAS Component Model 

After the conditional variance model is specified and their respective order is identified, 

the forward step is to estimate the parameters of the models. Since the model is no longer 

of usual linear form, OLS cannot be used for estimation because of OLS minimizes the 
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residual sum of squares. The residual sum squares depend only on the parameter of 

conditional mean equation rather than parameters from the conditional variance equation, 

and then minimization of residual sum square is no longer appropriate (Brook, 2008). In 

the course of estimations of volatility models, maximum likelihood is employed. 

Importantly the method works by finding the most likely values of the parameters given 

the actual data. A log-likelihood function is formed and the values of the parameters that 

maximize is required. The beauty of Maximum likelihood estimation is to estimate the 

parameters for both linear and non-linear models (Brooks, 2008). It is known that volatility 

models require an assumption about the conditional distribution of error term. The three 

most common distributional assumptions employed when working with GARCH type 

models and its extension are, Normal, Student-t and GED distribution. That is for ε3,4 =
σ3,4Ζ3,4  where Ζ3,4~IID(0,1) the distribution specification of the volatility model for each as 

follows: 

3.12.1. Quasi Log-Likelihood Estimation  

According to Brooks (2008), even though the normality assumption of standardized 

residual does not hold, the estimate of the parameter under this distributional assumption 

still consistent if mean and variance are correctly specified.  In context of non-normality, 

the usual standard error is inappropriate and different variance and covariance matrix 

estimator that is robust to non-normality due to Bollerslev and Wooldridge (1992) were 

used. The procedure is maximum likelihood with Bollerslev Wooldridge standard error 

was known as quasi-maximum likelihood (QML). Additionally, Wang and Ghysels (2014) 

proved the asymptotic normality of the quasi-maximum likelihood estimator for GARCH-

MIDAS model. Therefore, in this study the quasi-maximum likelihood estimation is 

employed.  

 3.12.2. Quasi Log-Likelihood Function 

For ε3,4 = σ3,4Ζ3,4 = ±g3,4τ4Ζ3,4, ε3,4~>0, σ;3,4B  , defining unknown parameters from the 

GARCH-MIDAS model asϕ = (μ, α, β, θ, ω�, ω;) , the Gaussian quasi-log-likelihood 

specification is given as: 

ln(ϕ) = − �
;∑ ∑ 
log2π + log>τ4g3,4B + �

;
>��,��åBPæ�ô�,� �Y43:��4:�     (45) 
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The parameters, ϕ′s which fits the model best, were obtained from maximizing the log-

likelihood function in equation (43) with respect to unknown parameters from GARCH-

MIDAS model. Among the parameters from GARCH-MIDAS the particular interest 

parameter is the slope parameter (θ) which explains whether the past state of financial and 

macroeconomic variables has an anticipated impact on the daily exported coffee price 

return volatility.  

For non-normal, student-t distribution and Generalized Error distribution, the quasi-log-

likelihood specification can be defined as: 

The log-likelihood functions for the Student-t distribution: 

ln(ϕ) =
∑ ∑ ¨logΓ S�E�; T − logΓ S�;T − �

; log>π(ν − 2)B − �
; logτ4g3,4 − S�E�; T log 
1 +Y43:��4:�

>��,��åBP
æ�ô�,�(º�P)�ª          (46) 

And the lo-likelihood function for the GED defined as: 

ln(ϕ) = ∑ ∑ ¨log �Â− �
; À
>��,��åB
±æ�ô�,�ÂÀ

� − (1 + ν��)log(2) − log ¹Γ S��T¼ − �
; log>τ4g3,4BªY43:��4:�  

           (47) 

The quasi log-likelihood function is maximized with respect to unknown parameters, 

which is the same in the three-distribution case. 

3.13. Model Adequacy Checking  

After GARCH-MIDAS component was fitted to the data, the adequacy of the fit were 

evaluated using statistical diagnosis tests is model misspecification test using LM test. In 

the GARCH-MIDAS model, the short term GARCH-component fluctuates around 

smoothly time varying long-term component, which is driven by macroeconomic variables. 

In this study Lagrange Multiplier, test which Conrad and Schienle (2015) develop for 

testing adequacy of GARCH-MIDAS component model. From the general form of long-

run component in MIDAS, specification can be defined as: 

τ4 = 1 + γ£X4          (48) 

Where γ		revealing whether the included explanatory variables affect the long-run volatility 

component defined by  γ = θ∑ ϑ9ϑ9�9 = φ9(ω�, ω;) and X4 = (X4��, … , X4�9)£  is the k 
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lagged values of the included explanatory variable in the long-run component under 

MIDAS representation. The null, alternative, and hypothesis of constant long-run volatility 

explanatory variables are jointly insignificant against time varying unconditional volatility 

are specified as: 

H�: γ = 0		 
H�: γ ≠ 0                                                                                                                  (49) 

Under the null assertion, the long-run component is constant and the GARCH-MIDAS 

component model is reduced to the simple GARCH model. The test statistic is defined as: 

LM = �
�Y S>∑ ∑ Ζ\;3��,4Y43:��4:� w% 4BΩ��>∑ ∑ Ζ\;3��,4Y43:��4:� w% 4BT~χ;(m)                    (50) 

Where 	Ω��  is a consistent estimator of the relevant block of the information matrix 

evaluated at  γ = γ.: 
Ω�� = S�Y�R T è∑ wt��4:� 	wt� £ − ∑ ∑ wt�Y43:��4:� 	rı%£>∑ rı%rı%£Y43:� B��∑ ∑ wt�rı%£�4:�Y43:� é��     (51) 

rı% = g.��3,4 öô.�,�ö÷ 	 , w% 4 = �
æ�
öæ�
ö	
, Ζ\;3,4 = ËP�,�

ô.�,�æ.� , and	K =
�
Y∑ ∑ 
ËP�,�ô�,� �

;Y43:��4:� , This is a consistent 

estimator of inverse of covariance matrix of the partial score under the null hypothesis. 

3.14. Forecasting Using GARCH-MIDAS Model 

The core objective of building a time series model is to forecast the values of future times. 

GARCH-MIDAS is fitted and all Diagnostic tests are satisfied, then it is possible to 

forecast volatility of future series. For σ%;3,4(l) represents the l-step ahead forecast, the l step 

forecast is given as: σ%;3,4 = Ε S>σ;3,4E�âψ3��,4BT, ψ3��,4 implying the information set up to 

day (i − 1) of period t. 

This forecast is derived from the short-run and long run volatility component models of, 

g. 3,4 = (1 − α − β) + α	% >��,��åBP
æ� + β\g3,4      (52) 

logτ.4 = m% + θ\ ∑ φ9�9:� (ω%�, ω%;)RV4�9      (53) 

logτ.4 = m% + θ;õ∑ φ9�9:� (ω%�, ω%;)X4�9      (54) 

3.15. Evaluation of Forecasting Accuracy  

Poon and Granger (2005) stated that the success of volatility modeling lies in out-sample 

forecasting power. However, the out of ample forecasting performance based on the how 

give data is split in to estimation and evaluation period. Yet no guidance is available on 
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how to select the split point (Hansen and Timmermann, 2015). As the result, empirical 

forecast evaluation can be difficult to interpret, especially when several values of the split 

point might have been considered. In evaluating the forecasting performance of the fitted 

model, it is important to employ the statistical loss function and test of like modified 

Diebold and Mariano tests. 

3.15.1. Statistical Loss Function  

The statistical loss function is based on the mean forecast error. The forecast error in for  l 
a head times is defined as the difference between the actual forecast and its conditional 

expectation, which is expressed as: ε3,4 = σ;3,4E� = σ;3,4E� − σ%3,4(l) . The two common loss 

functions are, the mean square error (MSE) and the mean absolute error (MAE) where 

MSE and MAE is given as:  

MSE = �
Y∑ ∑ Sσ;3,4E� − σ%;3,4(l)T;�4:�Y43:�       (55) 

And  

MAE = �
Y∑ ∑ âσ;3,4E� − σ%;3,4(l)â�4:�Y43:�       (56) 

MSE is quadratic loss function and gives the larger weight to the larger prediction errors 

when compared to the MAE, therefore it is appropriate when larger error are more series 

than small errors (Brooks and Persand, 2003). The lower the forecast error measure, the 

better the forecasting performance. In the present study loss function were used to compare 

GARCH-MIDAS model against GARCH (1,1) model.  

3.15.2. Modified Diebold and Mariano Test 

Diebold and Mariano (1995) develop a test to compare whether or not two different 

method model specifications have equal forecasting accuracy. For ε�,4 forecast error from 

GARCH model with constant conditional variance and ε;,4 forecast error from GARCH-

MIDAS model, then from the two-forecast error it is possible to calculate the loss 

difference between the two forecasts which is defined as: 

d\4 = ε.�4 − ε.;4 , implying the two forecasts are equal accuracy if and only if the loss 

differential has zero expectation, which can be asserted by the statements of the hypothesis 

as: 

H�: Ε>d\4B = 0  

H�: Ε>d\4B ≠ 0          (57) 
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In order to test the null hypothesis that the two forecast have the same accuracy, Diebold 

and Mariano utilizes the test statistic defined by: 

DM = Í�
NÖ��>Í�B

~t#(t − 1)         (58) 

Where d = �
Y∑ d\ 4Y4:�  is the sample mean of the loss differential, var>dB = �

Y Üγ.� +
2∑ γ.9Y4:� Ý, γ.9 is the k4� sample auto covariance of  d4 and can be estimated as: 

γ.9 = �
Y∑ >d\ 4 − dB>d\4�9 − dBY4:9E�   

According the authors Diebold and Mariano (1995), the result of Monte Carlo Simulation 

experiments show that the performance of the statistic is good for even small sample and 

for non-normally distributed forecast errors. 
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4. RESULTS AND DISCUSSION 

In this chapter, data used for the study, descriptive analysis results of, graphical analysis 

and summary statistics, stationarity test of study variables, mean model specification, 

residual diagnosis test for specified mean model, GARCH model specification and 

selection, GARCH  model estimation with best fitted model, residual diagnosis test for 

residual from specified GARCH model, Bayesian estimation for selected GARCH model, 

GARC-MIDAS model estimation, In-sample estimate of GARCH-MIDAS model with 

macroeconomic variables, Out of sample forecasting of GARCH-MIDAS model with 

selected variable,  forecasting accuracy evaluation of GARCH-MIDAS with bench mark 

GARCH model, Diebold and Mariano test of forecasting performance of GARCH-MIDAS 

model with exchange rate and inflation in relation with selected GARCH model  are 

presented.  

4.1. Data  

The data used in this study consists of daily exported coffee price as proxy of daily coffee 

price and monthly macroeconomic variables of exchange rate (Nominal exchange rate), 

inflation rate (general inflation rate), total consumption, fuel oil price (proxy of imported 

petroleum and petroleum production), interest rate (Average lending interest rate), and 

money supply (Broad money) in Ethiopia from a period of January 1, 2008 to July 17, 

2018.  The daily total coffee price series are divided into in-sample period from 2-1-2008 

to 31-12-2017 and out of sample from 01-01-2018 to 30-5-2018. The reason for focusing 

on the exported coffee price data is that, the exported coffee price is more described or a 

good representative for overall coffee price in the country. Moreover, daily data series of 

all exported coffee price of a country is readily available over the sample period. 

Following Rossi (2004) common characteristics of returns, such as scale free 

measurement, usually stationary, little autocorrelation, no serial independency, volatility 

clustering and relaxation from normal (thick-tailed) distribution the return price coffee was 

used for this study.  
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4.2. Descriptive Analysis Results 

4.2.1. Graphical Analysis Results 

Figure 1 displays coffee price level from January 1, 2008 to July 17, 2018. From the figure, 

it can be observed that daily exported coffee prices series have fluctuating behavior over 

the sample period.  The price series exhibits an upward trade until 2011 and then decreases 

until 2013 and slightly increase up to 2018. The return series of daily coffee price return 

was calculated as the first difference of the logarithm of daily prices on the successive 

days. Figure 2 shows the price return series seems to be stationary with mean value closer 

to zero. Generally, the price return series satisfies the stylized fact of high frequency 

financial time series, which is large return to be followed by large returns and small returns 

to be followed by small returns indicating volatility clustering behavior. 
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Figure 1. Daily price series of coffee from 1-1-2008 to 7-17-2018 
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Figure 2.  Daily coffee price return series from 2-1-2008 to 7-16-2018 

4.2.2. Summary Statistics 

The summary statistics for coffee price in level and coffee  price return series, and 

macroeconomic variables are presented in Tables 1 and 2 respectively.  Table 1 shows 

daily coffee price of 2751 data points and price return of 2750 data points from January 1/ 

2008 to July 17/ 2018 and January 2/2008 to July 16/1/2018 . As it can be observed from 

the summary result, the overall mean of daily price in level and price return are 11.5 and -

0.029 respectively. The skewness of price level and price return are -2.472 and -0.13, 

which indicates the price level and price return are, negatively skewed showing not 

symmetric around its mean compared to the normal distribution.  Additionally, the kurtosis 

of the price in level and price return are 19.76 and 19.38 which is greater than three and the 

distribution of the series are relaxed from normal distribution.  

Looking at the distribution of the uivariate series in relation with the characteristics of 

normal distribution, they clearly seem to be characterized by leptokurtic distribution that is 

confirmed by the Jarque-Bera test of normality (Appendix Figure 1 and 2). 
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Table 1. Summary statistics for coffee price in level and in return  

Summary measures Price Return 
Mean 11.5 -0.029 

Median 11.6 -0.0977 
Max 18.1 29.71 
Min 1.61 -28.36 
SD 4.95 4.95 

Skewness -2.472 -0.13 
Kurtosis 19.39 16.76 

Observations 2751 2750 

Source: Own Computation Result ‘’SD=Standard Deviation’, where coffee price is in 
millions of US Dollar, Price=Log price, Return=Log return’’  

Table 2 displays summary statistics for macroeconomic variables. The result shows that 

the mean values of exchange rate, inflation rate, interest rate, fuel oil price, total 

consumption and money supply are 18.2, 1.23, 12.2, 3201594, 74.432 and 96902.3 

respectively.  

Table 2.  Summary statistics for macroeconomic variables 

Variables 
 EXR INFR IR FP TC MS 

Mean 18.2 1.23 12.2 3201594 74.432 96902.3 
Median 18.51 0.87 11.87 2962309 75.86 88809.13 

Max 27.32 12.745 13.5 9665581 126.7 218021.2 
Min 9.3 -5.79 11.5 3156.7 29.35 27909.52 
SD 4.75 2.09 0.55 2153911 26.7 54082.15 

Skewness -0.09 1.914 1.14 0.56 0.07 0.43 
Kurtosis 2.54 12.044 3.53 3.085 1.9 1.98 

Jarque-Bera 1.32 506.32 28.6 6.59 6.5 9.3 
P-value 0.52 0.000 0.000 0.037 0.04 0.01 

Source: Own Computation Result “EXR=Exchange Rate which is USD Dollar to 
Ethiopian Birr, INFR=Inflation Rate is change in consumer price index, IR=Interest Rate 
cost of borrowing money in Ethiopian Birr, FP=Fuel oil is Ethiopian Birr per barrel, 
TC=Total Consumption is total price of all goods and service consumed in the economy 
(welfare), MS=Money Supply is broad money (money in the bank and in the society), 
n=126”  

4.3. Unit Root Test of Stationarity for Study Variables 

Before considering any statistical procedure, the first step is to check the stationary of the 

series, in this study. Therefore, Augmented Dickey Fuller and Phillips Perron unit root test 

were employed for the procedure. Tables 3 summarize ADF and PP unit root test result of 

daily coffee price in level and coffee price return series. The null hypothesis of unit root 
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test was accepted for price level and rejected for price return, indicating unit root problem 

with price level and no unit root problem with price return. 

Table 3. Unit root test result for daily coffee price and price return  

Series Included  equation ADF Test PP Test 

t-statistic P-value t-statistic P-value 

Coffee price in level Intercept -1.447 0.5606 -1.94 0.3138 

Intercept and trend -1.673 0.7632 -2.173 0.5039 

Coffee price return Intercept -12.814 0.000 -53.12 0.0001 

Intercept and trend -12.84 0.000 -53.12 0.000 

Source: Own Computation result, “The P-value is Mackinnon (1996) one-sided P-values” 

From Table 4, it can be observed that the macroeconomic variables of exchange rate, 

interest rate, fuel oil price total consumption and money supply are non-stationary at level 

and become stationary after first difference whereas inflation rate is stationary at level.  

The same result was depicted graphically that except the inflation rate all variables are 

exhibited trend behavior at level and become detrended after  first differenced (Appendix 

Figure 3,4,5,6,7,8; Appendix Figure 9,10).  

Table 4.  ADF and PP unit root test for macroeconomic variables 

 
Variables 

ADF PP 
t- statistic 1% 5% 10% t- statistic 1% 5% 10% 

EXR -1.68 -4.03 -3.45 -3.15 -1.83 -4.030 -3.45 3.148 
INFR -6.13 -4.03 -3.40 -3.15 -6.3 -4.03 -3.45 -3.15 

IR -1.20 -4.032 -3.44 -3.15 -0.085 -3.48 -2.88 -2.58 
FP -2.647 -4.033 -3.446 -3.15 -2.236 -4.032 3.45 3.15 
TC -1.77 -4.033 -3.45 -3.15 -1.77 -4.03 -3.45 -3.15 
MS -0.25 -4.03 -3.45 -3.15 -0.26 -4.030 -3.45 -3.15 

DEXR -9.49 -4.03 -3.45 -3.15 -9.4 -4.03 -3.45 -3.15 
DIR -11.35 -4.033 -3.45 -3.15 -11.36 -4.033 -3.45 -3.15 
DTC -7.52 -4.033 -3.45 -3.15 -7.57 -4.033 -3.446 -3.148 
DFP -4.51 4.033 -3.445 -3.15 -6.67 -4.032 -3.44 -3.15 
DMS -11.6 -4.035 -3.452 -3.15 -11.6 -4.035 -3.440 -3.15 

Source: Own Computation result “The P-value is Mackinnon (1996) one-sided P-values. 
“IR=Interest Rate, EXR=Exchange Rate, MS=Money Supply, FP=Fuel oil price, TC=Total 
Consumption, INFR=Inflation Rate” 
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4.4. Mean Model Specification 

Based on two statistics, the Akaike Information Criterion (AIC) and Bayesian Information 

Criterion (BIC) mean equation have chosen to estimate the joint mean and variance 

parameters. In most applications, lower order ARMA models, like, ARMA (1,1), ARMA 

(1,2), ARMA (2,1) and ARMA (2,2) are used. Table 5 gives the alternative ARMA models 

together with their corresponding AIC and BIC. From Table 5, the best in-sample results 

are achieved by ARMA (1,1) for coffee price return series. Therefore, ARMA (1,1) is the 

best (having minimum AIC & BIC) conditional mean equation.  

Table 5.  ARMA model selection for daily coffee price returns using AIC and BIC 

ARMA(p, q) Information Criteria 
P Q AIC* BIC* 
1 1 6.0393 6.0436 
2 1 6.0398 6.053 
1 2 6.0398 6.0463 
2 2 6.0398 6.0463 
0 2 6.0401 6.0487 
0 1 6.040 6.0487 
2 0 6.040 6.0511 
1 0 6.040 6.0512 
0 0 6.0405 6.0491 

Source: Own computation result. ‘’AIC=Akaike Information criteria, BIC=Bayesian 
Information Criteria’’ 

4.5. Residual Diagnostics for Mean Model  

Before proceeding to constructing volatility models, residual diagnostics like test for the 

presence of ARCH effect whether or not the conditional variance varies over time in the 

residuals from the selected ARMA (1,1) model should be employed. The confirmation of 

the presence of ARCH effect in conditional variance indicates that the volatility in daily 

coffee price return series is time varying and employing conditional variance type models 

is important. Among the common types of ARCH effect test, the Lagrange multiplier (LM) 

test proposed by Engle (1982)   and Ljung-Box (1987) test for squared residuals were 

applied in the present study.  
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4.5.1. ARCH-LM Test for Estimated ARMA Model of Coffee Price Return 

The null hypothesis, there is no ARCH effect up to order q in the residuals against the 

alternative hypothesis that there exists ARCH effect was tested and statistical computation 

reported two test Statistics; the F-statistic is an omitted variable test for the joint 

significance of all lagged Squared residuals, while the -squared statistic is Engle’s LM test 

statistic, computed as the number of observations times the R; from the test regression. 

Appendix Table 3 shows the result of ARCH-LM test for the residual of coffee price return 

from the mean model of ARMA (1,1). As the result indicates, the null hypothesis of no 

ARCH effect in the residual from the mean model of coffee price return is rejected. This 

indicates that the conditional variance of the daily coffee price return series is time 

varying. 

4.5.2. Ljung-Box Test from Estimated ARMA Model of Coffee Price Return  

Appendix Table 4 shows the result of Ljung-Box test of squared residuals from the mean 

equation. If there is no ARCH effect in the residual of mean model the autocorrelation and 

partial autocorrelation function should be closer to zero at all lags and Q statistics should 

be insignificant. It can be seen from the table that the Q statistic is significant at 1% 

significance level. Thus, the null of no serial correlation in squared residuals from the 

model is rejected implying the existence of remaining ARCH effect. 

4.5.3. Result for Normality Test  

Appendix Figure 11 shows the histogram and descriptive statistics of the residual from the 

mean equation of estimated ARMA (1,1) model together with the Jarque-Bera test of 

normality. If the residuals from the fitted mean model are normally distributed, the 

histogram should be bell-shaped and the Jarque-Bera statistics should not be significant. 

From the graph as well as descriptive statistics, excess kurtosis is observed and the Jarque-

Bera rejects the null hypothesis of normal distribution of error for the coffee price return 

series of the period under consideration. Therefore, both the graph and the test confirm the 

stylized fact of excess kurtosis in financial time series.  From above all residual diagnosis 

tests it need to use GARCH family models under different distributional assumption is 

required. 
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4.6. Specification and Estimation of GARCH Model  

After mean model is fitted and residual diagnosis were performed, a GARCH (p, q) model 

were specified where p and q are  autoregressive and moving average  order of the model 

was identified from the Ljung-Box test of squared residual from the mean model. From 

Appendix Table 3 the candidate GARCH model for the coffee price return are GARCH 

(1,1) and GARCH (2,1). Therefore, the models are fitted under normal condition and the 

two models were evaluated based on information criteria and positivity condition. Table 6 

shows the estimated coefficients, standard errors, t-test statistic critical values, p-values, 

information criteria of AIC, and SBIC values. The information criteria values are equal for 

both GARCH (1,1) and GARCH (2,1) even though the coefficient ARCH (-2) is negative 

for GARCH (2, 1) which does not fulfill the regularity condition of non-negativity of 

GARCH (p, q). Therefore, GARCH (1,1) was selected for undertaking further analysis. 

Table 6.  Estimation results of GARCH (1, 1) and GARCH (2, 1) under normality 
condition 

Model Parameters Coefficients Se t-statistic p-value AIC SBIC 
 

GARCH(2,1) 
=� 0.214 0.070 3 0.0027 5.98 5.99 
=� 0.084 0.015 5.75 0.0000 
=; -0.055 0.016 -3.5 0.0005 
k 0.963 0.006278 153.4 0.000 

 
GARCH(1,1) 

=� 0.294 0.081 3.63 0.003 5.98 5.99 
=� 0.035 0.004 8.48 0.000 
k 0.954 0.0061 156.92 0.000 

Source: Own computation result, “AIC=Akaikie Information Criteria, SBIC=Schwartz 
Bayesian Information Criteria’’ 

Therefore, GARCH (1,1) model is the most convenient for estimating coffee price return 

volatility in Ethiopia following (Bollerslev and Taylor, 1992).  Hence,  GARCH (1,1) 

model were fitted using maximum likelihood estimation under error distribution 

assumption of normal, student’s t and generalized error distribution in which GARCH(1,1)  

model described the nature of coffee price return volatility. From Table 7, it can be 

observed that the GARCH (1,1) under error distribution assumption of student-t 

distribution has relatively small information criteria indicating the GARCH (1,1) is best fit 

for the coffee price return under student-t distribution of error based on  AIC and BIC 

information criteria. 
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Table 7.  GARCH (1,1) identification result under error distribution  

Model Error Distribution AIC BIC 
GARCH(1,1) Normal 5.98 5.99 
GARCH(1,1) Student-t 5.956 5.957 
GARCH(1,1) GED 5.96 5.967 

Source: Own Computational Result.  “AIC= Akaike Information Criteria, BIC= Bayesian 
Information criteria, GED=Generalized Error distribution” 

4.6.1. Estimation of coffee price return using GARCH (1,1) under student-t 

distribution  

Table 8 shows that the estimate of parameters of the coffee price return under student-t 

distribution of error with seven degrees of freedom. From the table it can be seen that all of 

the coefficients of conditional variance equation are significant at 5% level of significance.  

The non-negativity condition of the variance model α� > 0,  which is  0.225 >

0, and α� ≥ 0, β� ≥ 0 = 0.963 and α� + β� < 1 = 0.9913 < 1  are satisfied. That is 

looking the estimated parameters of ARCH(1) and GARCH(1) terms, relatively high 

ergodicity and persistence was observed in the coffee price return and the sum of ARCH 

(1)  and GARCH(1) terms almost approaches to unit that is approaches to nan-stationary 

(Table 8). The unconditional variance of coffee price return with maximum likelihood 

estimation is 25.862 which indicated high persistence in the conditional variance of coffee 

price return fitted with GARCH (1,1) under students-t distribution assumption  of error. 

Table 8.  Parameter estimates from GARCH (1,1) model under student t-distribution  

Parameters Coefficients SE T-statistic P-values 
 α� 0.225 0.096 2.345 0.0190 
α� 0.0283 0.006 4.77 0.0000 

β� 0.963 0.008 117.3 0.0000 
� 7.7 1.197 6.43 0.0000 
=� + k 0.9913 - -  

Source: Own Computational result“α  is coefficient of lagged squared innovation, β  is 
coefficient of lagged conditional variance, ν is degree of freedom for student’s t 
distribution, conditional variance represented by  `; =

F�

��(F�E��)” 

4.6. 2. Normality test for residual from GARCH (1,1) 

The Jarque-Bera test was used for testing the normality of the residuals from GARCH 

(1,1). The test statistic measures the difference of the skewness and kurtosis of the 

residuals with those from the normal distribution. Under the null hypothesis of a normal 
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distribution, the Jarque-Bera statistic is distributed as χ;	with 2 degrees of freedom. The p-

value is the probability that a Jarque-Bera statistic exceeds (in absolute value) the observed 

value under the null hypothesis.  Table 9 shows the result of normality test of standardized 

residual of coffee return series from GARCH (1,1). It can be observed from the test result 

that there is remaining ARCH effect nature of standardized residual that is GARCH (1,1) 

under normal distribution cannot capture the excess kurtosis 

Table 9.  Normality test for standardized residual from GARCH (1,1) 

 Statistic t-test P-values 
Skewness 0.043410 2.93 0.002 

Excess Kurtosis 370. 29 3967.3 0.000 
Jarque-Bera 1.5711e+007 - 0.000 

Source: Own computational result 

4.6. 3. Asymmetry Test 

One of the nature of financial time series is the existence of leverage effect. In order to 

check the presence of leverage effect in financial time series data, Engle and Ng (1993) 

developed regression-based size and sign test.  

Table 10 shows the result of asymmetry test of standardized residuals of coffee price return 

series from GARCH (1,1). The result show that the sign bias test statistic as well as the two 

sizes bias test statistics are insignificant and the joint test for the three effects are 

insignificant. As result, the test revealed that including the asymmetric term in the 

estimation process of GARCH (1,1) could not improve the performance of the model. 

Table 10. Asymmetry test result 

Series Sign and Size Bias test t-test P-value 
 

Coffee return price 

Sign Bias t-test 1.18215 0.23715 
Negative size bias t-test 0.47058 0.63794 

Positive size bias t-test 1.06934 0.28492 

 Joint test of three effect 2.65560 0.44783 

Source: Own Computational Result 

4.6.4. Time Varying Unconditional Volatility Test  

In checking the presence of long memory effect in conditional variance, Lundbergh and 

Terasvirta LM test and Li-Mak Portmanteau test were applied.  Table 11 shows that the 
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result of Lundbergh and Terasvirta LM test for the residual of the fitted GARCH (1,1) 

model of coffee price return series. From the test result, it can be observed that the 

existence of higher order serial correlation in standardized residual from the GARCH (1,1) 

model. 

Table 11.  Lundbergh and Terasvirta LM test for GARCH (1,1) model of coffee price 
return  

F-statistic 7.76E+08 Prob. F(27,2722) 0.0000 
Obs*R-squared 2520.000 Prob. Chi-Square(27) 0.0000 

Scaled explained SS 15117.47 Prob. Chi-Square(27) 0.0000 

Source: Own Computational Result 

4.6.5. Result of Li and Mak Portmanteau test 

The test computes the Ljung-Box Q-statistics for the residual serial correlation up to the 

specified order.  Statistical computation reports both the Q-statistics and the adjusted Q-

statistics. Under the null hypothesis of no serial correlation up to lag h, both statistics are 

approximately distributed as	χ;>k;(h − k)B, where p is the lag order. Table 12 shows that 

the result of Li and Mak Portmanteau test for standardized and squared standardized 

residual from GARCH (1,1) model fitted for coffee price return at lag 5, 10, 20 and 50 

respectively. The null hypothesis for this test is, there is no autocorrelation in standardized 

and squared standardized residual at specified lags.  From  the table  it can be seen that p-

value is zero at all lags for both standardized and squared standardized residuals  indicating  

the existence of higher order serial correlation in  standardized and squared standardized 

residual of identified  GARCH (1,1) model.  Thus, it needs to specify a GARCH-MIDAS 

component model, which enables to captures such a higher order serial correlation in the 

residual of GARCH (1, 1) model. 
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Table 12.  Li and Mak Portmanteau test for standardized and squared standardized residual 
from GARCH (1, 1) 

Residual from estimated GARCH 
(1,1) 

Test Statistic χ;(lag) P-value 

 

Standardized Residual 

L-B Q(5) 143.462 0.000 
L-B Q(10) 261.071 0.000 
L-B Q(20) 347.927 0.000 
L-B Q(50) 936.390 0.000 

 

Squared Standardized Residual 

L-B Q;(5) 130.547 0.000 
L-B Q;(10) 235.294 0.000 
L-B Q;(20) 279.995 0.000 
L-B Q;(50) 1017.61 0.000 

Source: Own computational result “L-B Ljung –Box test, Q=Ljung -Box Statistic’’ 

4.7. Bayesian Estimation Result of GARCH (1,1) 

The Bayesian estimation was applied to daily coffee price return of Ethiopia for the sample 

period of January 2008 to July 17, 2018 for the total data of 2750 data points.  From this 

time series, the first 1045 were used to illustrate the application of Bayesian approach.  

GARCH (1, 1) model was fitted with student-t innovations to data for the observation 

window using the bayesGARCH package, which is fully automatic function.  The input 

argument of the function are, the vector of data, the hyper parameters and the list of control 

which can supply, number of chain of MCMC to be generated, length of each MCMC 

where starting value could be set to the maximum likelihood estimates using the function 

‘’fGARCH’’ which is inbuilt function of bayesGARCH package and the 

‘’addpriorconditions’’ for adding any constraints on the model parameters. 

As presented in Table 13, the posterior distribution of parameter obtained by using the 

Bayesian estimation with student’s innovations. The result indicates the summary of 

posterior distribution of the GARCH (1,1) parameters. From the result, it is possible to 

obtain the unconditional volatility is 27.42. This result revealed that there is high 

persistence in conditional variance fitted with GARCH (1,1) even for small sample under 

Bayesian estimation.  
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Table 13.  GARCH (1, 1) coefficient using Bayesian estimation with student’s t distributed 
error  

Parameters Mean SD NSE TSE 
=G 1.371 0.46 0.0062 0.0514 
=� 0.06 0.02 0.0003 0.0021 
k 0.89 0.03 0.0004 0.0044 
� 249.86 4.95 0.067 0.12 

Source: Own computational result 

As displayed in Table 14, the percentiles summary of the posterior distribution of 

parameters of GARCH (1,1) under student’s t-distributional assumption of error.  The 

central tendency of each parameters are reported as the 50th percentile (that is, the median) 

and the range of uncertainty that covers 95% of the distribution is the equal-tailed credible 

interval from the 2.5%  percentile to the 97.5%  percentile  is reported. 

Table 14.  Quartiles for each variable from Bayesian Estimation  

Parameters 2.5% 25% 50% 75% 97.5% 

=G 0.85583 1.10686 1.288 1.511 2.335 

=� 0.041 0.0500 0.0565 0.064 0.0852 

k 0.813 0.878 0.892 0.90245 0.9176 

� 250.00 250.006 250.014 250.03 250.1 

Source: Own computational result 

Convergence of the sampler was checked using the diagnostic test of Gelman and Robin (1

99) in which acceptance rates and autocorrelation in the chains can be computed as gelman

.diag (MCMC). From Table 15 it can be seen that the scale reduction factor is less than 1.2 

based on the Gelman and Rubin (1992) where the second half of the chain is used for the e

stimation. From the result, it can be deduced that the no evidence against convergence for t

he last 2500 iterations since scale reduction factor is less than 1.2.  This finding is based  

Ardia (2008) inspired from previous work of Nakatsuma (1998), Gelman and Rubin (1992) 

Table 15.  Potential scale reduction factors 

parameters Point estimate Upper confidence interval MPSRF 
=G 1.01 1.04  

1.01 =� 1.01 1.03 
k 1.01 1.05 
� 1.00 1 

Source: Own computational Result “MPSR=multivariate potential reduction factor” 
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Table 16 shows that the acceptance rate of MCMC sampling algorithm reaches very high 

acceptance rate ranging from 92.14% for vector �  to 97.14% for � suggesting that the 

proposal distribution are close to the full conditionals distributions.  

Table 16.  Acceptance rate of MCMC 

=G =� k � 

0.9214 0.92134 0.9714 0.996 

Source: own computational result 

Table 17 shows autocorrelation result of diagonal in the chain of MCMC. It can be 

observed from the result that the one lag autocorrelation in the chain ranges from 0.902 to 

0.667 for parameter =G	and	v.  This is obtained by discarding the first 2500 draws from the 

overall MCMC output as burn in period, keep only every second draw to diminish the 

autocorrelation between the chains. It can be observed from the result; even up to 50 lag 

the autocorrelation of the three parameters α�, α�	and	β  does not die out indicating 

persistency shocks. This findings is in lined with Cuervo et al. (2014) reported result.  

Table 17.  Autocorrelation of the diagonal of MCMC 

Lag =G =� k � 
0 1.0 1.0 1.0 1.0 
1 0.902 0.82 0.98 0.667 
5 0.79 0.67 0.92 0.0000047 
10 0.695 0.58 0.844 0.000028 
50 0.231 0.163 0.322 -4.366331e-05 

Source: Own computational result 

Figure 3 indicates the trace plot of MCMC chains of constant term for the GARCH (1,1) 

model, which is the plot of iteration versus sampled values. The result indicates the 

marginal distribution of the constant term based on the 2500 draws from the joint posterior 

distribution for first 2500 and last 2500 samples. The two MCMC chains in red and black 

color for the model parameter is generated by MH algorithm. It can be observed from the 

trace plot that, the distribution of the constant term of the variance equation is move in 

similar patterns between 1 and 5  indicating the constant term converges in proposal 

distribution in 5000 iterations of two chains burn in one distributed as: α�~N(1.371,0.46).    
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Figure 3.  Trace plot of MCMC chains distribution for constant term of GARCH (1, 1) 

Figure 4 illustrates the trace plot of MCMC chains of coefficient of squared innovation for 

the GARCH (1, 1) model, which is the plot of iteration versus sampled values. The result 

indicates the marginal distribution of the coefficient of innovation term based on the 2500 

draws from the joint posterior distribution for first 2500 and last 2500 samples which move 

in similar pattern between 0.05 and 0.25 and this shows the coffee price return volatility 

ARCH term is infinite and never ever converged to any constant rather converges in 

distribution as α�~N(0.06,0.02). 

 

Figure 4.  Trace plot of MCMC chains distribution for coefficient of squared innovations of 
GARCH (1,1) 

Figure 6 illustrates  the trace plot of MCMC chains of coefficient of lagged volatility for 

the GARCH (1,1) model, which is the plot of iteration versus sampled values that move 

between 0.7, 0.9, and this revealed that the lagged volatility never converges to any 

constant rather converges in distribution as	β~N(0.89,0.3).  
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Figure 5.  Trace pot of MCMC distribution of coefficient of lagged conditional volatility  

Figure 6 indicates the trace plot of MCMC chains of shape parameter (degree of freedom) 

for the GARCH (1,1) under student’s t error distribution of model which is distributed as 

�~K(249.86,4.95). The result figure outs the marginal distribution of the shape parameter 

(degree of freedom) based on the 2500 draws from the joint posterior distribution for first 

2500 and last 2500 samples. This resulted plot of the two MCMC chains in red and black 

color for the model parameter is generated by MH algorithm.  

 

Figure 6.  Trace plot of MCMC chain for degree of freedom (shape parameter) Distribution  

4.8. GARCH-MIDAS Model Estimation Result 

The fitted GARCH-MIDAS for coffee price return volatility with each macroeconomic 

variable is given in Table 18. The weight applied to past values of macroeconomic 

variables is obtained by beta-weighting MIDAS specification. In the estimation, procedure 

of the model QMLE method is used under student’s t distribution of error. In this volatility 

component model, it is important to consider frequency of macroeconomic variables as 

monthly and the number of lag K that is incorporated in each MIDAS specification. This 

determined based the minimum information criteria like AIC, BIC, and degrees of 

convergence in the estimation process. The result from GARCH-MIDAS shows that 
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today’s volatility depends on the lagged realized volatility and macroeconomic variables. 

Following  

Engel et al. (2013) the dimension of effect of the realized volatility and macroeconomic 

variable on the long-run component is calculated as	e
�∗�(ð)ï ��, where φ(ω) is the values of 

estimated weight parameter ω;,	 k is the number of lags used in the estimation process and 

θ measures the direction or dimension of indicator of each of the macroeconomic variable 

on the long-run volatility component under MIDAS representation. In line with Donmez et 

al. (2013), the GARCH-MIDAS model is estimated with one macroeconomic variable at a 

time because of the inclusion of more variables at a time in the estimation process result in 

convergence and multicollinearity problem. 

Table 18 provides the parameter estimate of coffee price return volatility from the fitted 

GARCH-MIDAS model. For fitting the GARCH-MIDAS component model, the first 

difference of macroeconomic variables of exchange rate, interest rate, fuel oil price, total 

consumption and money supply, which are non-stationary at level and inflation rate, 

stationary at level have been used. In the beta-weighting schemes, the first parameter of the 

weight ω�	is fixed to one to ensure that the optimal weight is monotonically decreasing 

over the lags, explaining the closer observations provides more information to the long-

term volatility component than the older observation
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Table 18.  Estimate of GARCH-MIDAS models for coffee price volatility 

Variables Model component Parameters Coefficient Se t-statistic P-value AIC BIC 
 
 
 

Realized volatility 

 
Long-term	Ü��Ý 

 

� 0.45 0.11 4.09 0.0001*** K=36 
 
 

2.45 

 
 
 

2.56 

  0. 20 0. 02 10.00 0.0000*** 
!� 0.99 0.012 82.5 0.0000*** 
!; 1.05 0.062 16.94 0.0000*** 

 
Short-term Æ"�,�Ç 

 

# 0.03 0.009 3.33 0.0000*** = 0.28 0.11 2.55 0.10500 k 0.57 0.171 3.00 0.0000*** 
 
 

Exchange rate 

 
Long-term Ü��Ý 

 

� 0.06	 0.002 30.00 0.0000***  
 K=36 

 
0.184 

 
 
 

0.292 

  0.327	 0.113 2.89 0.0580* 
!� 1.00	 0.041 24.4 0.0000*** 
!; 3.12	 0.257 4.12 0.0001*** 

 
Short-term Æ"�,�Ç 

 

# 0.008 0.01 0.80 0.0003*** = 0.011 0.002 5.50 0.0001**** k 0.97 0.008 121.25 0.0041** 
 

Inflation rate 
 

Long-term Ü��Ý 
 

� 0.40 0.04 10 0.0000***  
K=36 

 
2.12 

 
 
 

2.23 

  0.33 0.12 2.75 0.0000*** 
!� 1.01 0.01 101 0.0000*** 
!; 3.52 1.12 3.14 0.0000*** 

 
Short-term Æ"�,�Ç 

 

# 0.35 0.121 2.89 0.0000***  = 0.66 0.236 2.797 0.0002*** k 0.28 0.123 2.27 0.00012*** 

Source: Own Computational Result, “***, **, * indicates significance at 1%, 5% and 10% respectively” and value shown below the parameters 
is standard error of the parameters 
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Table 18 continued… 

Variables Model component Parameters Coefficient Se t-statistic P-values AIC BIC 
 
 

Interest rate 

 
 

Long-term Ü��Ý 
 

� −0.16 0.15 -1.067 0.291  
K=36 

 
-0.868 

 
 
 

-0.733 

  0.001 0.005 0.2 0.0876* 
!� 1.00 0.041 24.4 0.0000*** 
!; 1.10 0.424 2.59 0.0110** 

 
Short-term Æ"�,�Ç 

 

# 0.045 0.02 2.27 0.0231**  = 1.0103 0.32 3.174 0.0015** k 0.000 0.000 - - 
 
 
 

Fuel oil price 

 
 

Long-term Ü��Ý 
 

 
� -0.003 

 0.006 
 

-0.50 
 

0.6642 
 

K=36 
 
 

3.04 

 
 
 
 

3.15 

  0.276 0.09 3.067 0.0000*** 
!� 1.00 0.01 131.634 0.0000*** 
!; 2.15 0.271 7.93 0.0000*** 

 
Short-term Æ"�,�Ç 

 

# 0.08 0.1 0.80 0.4305 = 0.236 0.223 1.058 0.2893 k 0.65 0.26 2.514 0.0119** 
 
 
 

Total consumption 

 
Long-term Ü��Ý 

 

� 0.541 0.06 9.125 0.0000***  
K=24 

 
2.039 

 
 
 

2.15 

  0.327 0.018 18.167 0.0000*** 
!� 0.9991 0.0137 73.121 0.0000*** 
!; 1.2015 0.2884 4.166 0.0001**** 

 
Short-term Æ"�,�Ç 

 

# 0.083 0.1161 0.72 0.4732 = 0.205 0.12 1.7083 0.07* k 0.64 0.199 3.216 0.000*** 
 
 
 

Money supply 

 
Long-term Ü��Ý 

 

� 0.00015 0.00002 6.0432 0.0000***  
K=36 

 
2.317 

 
 
 

2.427 

  0.522 0.12 4.35 0.0000*** 
!� 0.999411 0.013088 76.363 0.0000*** 
!; 1.0255 0.03344 30.67 0.0000*** 

 
Short-term Æ"�,�Ç 

 

# 0.066 0.0762 0.865 0.3869 = 0.0089 0.0005 17.8 0.08* k 0.9446 0.047 20.1 0.000*** 
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In building GARCH-MIDAS component model for  coffee price volatility series, 3MIDAS 

lag year of realized volatility, exchange rate, inflation rate, interest rate Fuel oil price and 

money supply, and 2MIDAS lag year of total consumption specification were used based 

on the minimum AIC and  BIC (Table 18). Donmez and Magrini (2013) have reported 

similar finding suggested optimal model representation with macroeconomic variables 

requires time span and MIDAS lag year to which the optimal weight decays to zero. It was 

found that the unconditional mean(μ) is statistically significant at 1% level of significance 

for realized volatility and exchange rate, statistically significant at 5% level of significance 

for inflation rate and interest rate respectively and statistically insignificant for the 

variables fuel oil price, total consumption and Money supply respectively and the short-run 

parameters α	and	β   are statistically significant for exchange rate and inflation rate, 

indicating existence of short-term volatility component in coffee price series (Table 18).   

The constant term � in long-run volatility component is statistically significant at 1% level 

of significance for realized volatility, exchange rate, inflation rate, total consumption and 

money supply and statistically insignificant for interest rate and fuel oil price.  The weight 

scheme parameter	ω;, which specified based on restricted beta weighting scheme is highly 

significant for all macroeconomic variables and realized volatility, and it contains value 

greater than one, enlightening, it gives the highest weight for most recent lags (Table 18). 

Taking into consideration the purpose of this study and GARCH-MIDAS component 

model, the most relevant parameter is the		θs, which indicates the direction and magnitude 

of impact of each of the macroeconomic variables on the long-term volatility component is 

summarized in (Table 18). This study was in line with Conrand et al. (2012), Engel et al. 

(2013) and Asgharian et al. (2013) which were suggested GARCH-MIDAS models with 

one macroeconomic time series variable each time.  
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Table 19.  Estimated impact of each variables for long-term volatility component from 
GARCH-MIDAS 

Variables Estimated 
  

Weight(!;) Lag (K) Magnitude 
effect 

Effect (%) Direction 

RV 0.20 1.05 3 0.0725 7.25 + 
EXR 0.327 3.12 3 0.4051 40.51 + 
INFR 0.33 3.52 3 0.4729 47.29 + 

IR 0.001 1.10 3 0.00367 0.0367 + 
FP 0.276 2.15 3 0.217 21.70 + 
TC 0.327 1.2015 2 0.2171 21.7 + 
MS 0.552 1.0255 3 0.1954 19.54 + 

Source: Own computational “RV=Realized Volatility, EXR=Exchange rate, INFR= 
Inflation Rate, IR=Interest rate, FP=Fuel Oil price, TC=Total consumption, MS=Money 

supply, Magnitude of effect=	θ = e
�∗�(ð)ï ��"    

The first variable that is used in estimation of long-term volatility component of coffee 

price return is the realized volatility.  The estimated coefficient that quantifies the direction 

(sign) effect of realized volatility on the long-run component of coffee price return 

volatility > \ = 0.20B	is  positive and statistically significant, indicating the information 

contained in the past three months of realized volatility contribute to explain the long-run 

component of Ethiopian coffee price return volatility. That means, the higher the level of 

past three months realized volatility, the higher the level of long-run component of 

Ethiopian coffee price return volatility (Table 18).  The magnitude of effect of the realized 

volatility on the long-run volatility component in the MIDAS specification is 0.0725, 

which indicates that a 1% increase in the past three month realized volatility result in a 

7.25% increase in long-term volatility component of Ethiopian coffee price return series 

(Table 19). This impact magnitude and sign   implies that a negative shock for economy of 

the country through increment of coffee price volatility.  

The second variable that has been used in the estimation of long-term coffee price return 

volatility in Ethiopia is the exchange rate (Dollar to Ethiopian Birr). The estimated 

coefficient θ  is positive and statistically significant at 10% level of significance. This 

revealed that an increase in Exchange rate (Dollar to Ethiopian Birr) resulted in higher 

level of coffee price volatility in the long-run volatility component (Table 18).  The 

magnitude of effect of exchange rate on the long-run volatility component is 0.4051, 

indicating an increase in the past three months of exchange rate (Dollar to Ethiopian Birr) 

by 1% causes 40.51% increase in long-run volatility component of coffee price return 

volatility in Ethiopia (Table 19).  The result implies that the international transaction of 
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Ethiopian coffee is dominated in USD then the country aimed adjusts the purchasing 

power coffee export revenue to the USD and diversification of export products is solution 

to this problem. This finding is aligned with finding reported by Anteneh et al. (2016) 

indicated positive impact of exchange rate on sesame price volatility and Okechukwu et al. 

(2019) positive impact of exchange rate on the Kenyan stock market price volatility.  The 

findings also similar to Baum et al. (2004) showed that the month to month movements of 

the real exchange rate are dominated by the movement in nominal rates, therefore using 

nominal or real rates in monthly analyses does not affect the final results and no literature 

clarifying the real effects of the increasing presence of non-commercial investors on the 

commodity price level and its volatility yet.  

The third variable that has been used in the estimation of long-run coffee price return 

volatility in Ethiopia is the Inflation rate. The estimated coefficient	θ  is positive and 

statistically significant at 1% level significance. This indicates that an increase in inflation 

rate resulted in very higher level of coffee price volatility in the long-term volatility 

component (Table 18). The magnitude impact of inflation rate on the long-run volatility 

component is 0.4729 (Table 19). Thus, the result indicates an increase in the past three 

months of inflation by 1% causes 47.29 % increase in long-run volatility component of 

coffee price return in Ethiopia. Ayele et al., (2017), reported the same result for gold price 

volatility of Ethiopia using GARCH-X model. Demisew et al. (2012) reported similar 

result for the impact of inflation rate on the domestic coffee price volatility of Ethiopia and 

contradicted to Anteneh et al. (2016) reported negative impact of inflation on sesame price 

volatility and similar positive impact of inflation on stock commodities return was  

reported by  Okechukwu et al.(2019).  

The positive relationship between inflation and commodity price volatility is consistent 

with theory and previous literature. According to Gorton and Rouwenhorst (2006) quoted 

that commodity price-inflation connection is that commodities are frequently used as 

inflation hedge which could be used to motivate commodity investment. As a result, 

commodity investments protect real purchasing power of market participants and the rise 

and fall in commodities related with un-expected deviation from components of inflation.   
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The fourth variable that has been used in the estimation of long-term coffee price return 

volatility in Ethiopia is the interest rate. The estimated coefficient		θ  is positive and 

statistically significant at 10% significance level. This indicates that an increase in interest 

rate resulted in very small level change of coffee price volatility of long-term volatility 

component (Table 18). The magnitude impact of interest rate on the long-run volatility 

component is 0.00367 (Table 19), this  revealed that an increase in the past three months of 

interest rate   by 1% causes 0.0367% increase in long-run volatility component of coffee 

price return in Ethiopia. This empirical estimate indicates low interest rate observed in the 

last years had effect of adding opportunity cost of holding the inventories, increasing the 

commodity demand, making the market thinner and less capable to cope with any other 

shock was significantly very small, which is in line with the report of Frankel (2007) and 

Donmez et al. (2013)  and contradicted with the findings of Ayele et al. (2017) on the 

effect of interest rate on gold price and Okechuku et al. (2019) on the stock price volatility 

with standard GARCH-X model.   

The fifth variable that has been used in the estimation of long-term coffee price volatility 

in Ethiopia is the fuel oil price. The estimated coefficient	θ	 is positive and statistically 

significant at 1% level of significance. This indicates that an increase in fuel oil price 

resulted in higher level of coffee price volatility in the long-run volatility component 

(Table 18). The magnitude of the impact of fuel oil price on the long-run volatility 

component is	 0.217 (Table 19).  The result publicized that an increase in the past three 

months of fuel oil price by 1% causes a 21.7% increase in long-run volatility component of 

coffee price in Ethiopia. In line with finding reported by Demisew et al. (2012) positive 

impact of fuel oil price on domestic coffee price volatility and  Anteneh et al.(2016) on 

sesame price volatility of Ethiopia.  

The sixth variable that has been used in the estimation of long-run coffee price return 

volatility in Ethiopia is total consumption. The estimated coefficient	θ  is positive and 

statistically significant at 1% level of significance. This indicates that an increase in total 

consumption resulted in higher level of coffee price volatility in the long-run volatility 

component (Table 18). The magnitude impact of total consumption on the long-run 

volatility component is 0.2171 (Table 19).  As the result revealed that, an increase in the 

past two months of total consumption by 1% causes 21.71% increase in long-run volatility 

component of coffee price return in Ethiopia. This finding is in line with Alshogeathri 
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(2010), noted that the impact of consumption positive and persistent on the stock price 

volatility.  

The seventh variable that has been used in the estimation of long-run coffee price volatility 

in Ethiopia is the Money supply. The estimated coefficient		θ	, which is positive and 

statistically significant at 1% level significance.  This indicates that an increase in money 

supply resulted in higher level of coffee price volatility in the long-run volatility 

component (Table 18). The magnitude impact of money supply on the long-run volatility 

component is 00.19.54 (Table 19).  As the result revealed that, an increase in the past three 

months of money supply by 1% causes 19.54% increase in long-run volatility component 

of coffee price volatility of Ethiopia. The same impact of money supply and monetary 

policy on the commodity price volatility was reported by Siami et al. (2017) using 

EGARCH model. 

4.9. In-sample Forecasting Using GARCH-MIDAS Model 

In selecting the best model among the candidate model with explanatory variables, the 

significance of all the parameter under both long-run and short-run, and AIC and BIC 

information criteria was used. The comparison was made to see which explanatory 

variables achieve the best-fit looking significance of the parameters and minimum 

information Criteria. From Table 18 estimation result, it can be observed that exchange 

rate and inflation are the best drivers of coffee price volatility based on the significance of 

parameters and information criteria (AIC and BIC).  Figures 7 and 8 show the total 

conditional volatility, long-term and short-term volatility components for coffee price 

return volatility with exchange rate and inflation rate estimated by GARCH-MIDAS 

volatility component model. It can be observed  that coffee price return volatility with 

inflation rate and exchange rate has slight fluctuating up to mid-2013 and large peaked is 

observed from mid of 2013 to early 2014 followed by slightly high fluctuation up to the 

end of 2017.   

Generally, from the figures, the long-run volatility component has slightly similar patterns 

with total conditional variance. This is an indication that coffee price return volatility is 

more sensitive response to variation (fluctuation) in macroeconomic variables of exchange 

rate and inflation rate, which are appeared to be the main driver of the long-term volatility 

component of coffee price return volatility in Ethiopia. 
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Figure 7.  In- sample forecast of coffee price return volatility with exchange rate 
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Figure 8.  In- sample forecast of coffee price return volatility with inflation rate 

4.10. Out- sample Forecasting Using GARCH-MIDAS 

The objective of conducting time series analysis is to forecast the future values of the 

series. After fitting the in-sample data and evaluate its adequacy, the selected models used 

for out of sample forecasting. The out of sample range from January 1, 2018 to June 2018.  

The plots of forecasting were undertaken for Exchange rate and inflation rate, which were 

used for in sample estimate (forecast).  
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Figure 9.  Out of sample forecast of the volatility in coffee price return with exchange rate 
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Figure 10.  Out of sample forecast of the volatility in coffee price return series with 
inflation rate 

From Figures 9 and 10, it can observed that the forecasted value of coffee price return 

volatility is almost smooth and stable for long-term volatility component and conditional 

variance, and short-term volatility exhibits trending behavior for the  two macroeconomic 

variables of Exchange rate and  Inflation rate.  

4.10.1. Evaluation of Forecasting Accuracy  

Table 20 shows the result of the estimated Mean Square Error (RMSE) and Mean Absolute 

Error (MAE) for evaluating the out of sample forecasting performance of  GARCH (1,1)   

and GARCH-MIDAS model for incorporating Exchange rate and Inflation rate at a time by 

comparing predictive ability of the two models. 
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Table 20.  Comparing forecasting performance of GARCH (1, 1) and GARCH-MIDAS 

Model Loss function 
 RMSE MAE 

GARCH(1,1) 4.95 3.722 
GARCH-MIDAS-EXR 0.192 0.135 
GARCH-MIDAS-INFR 0.211 0.146 

Source: Own Computational Result “RMSE= Root Mean Square Error, MAE=Mean 
Absolute Error” 

From Table 20, it can be observed that, forecast from GARCH-MIDAS has the lowest 

RMSE and MAE values for Exchange rate and Inflation rate than the GARCH (1,1) model. 

Therefore, the out-sample analysis shows that incorporating the macroeconomic variables 

to the long-run variance component of the GARCH-MIDAS model significantly enhance 

the prediction ability of the model.  

4.10.2. Modified Diebold and Marino Test   

For comparing the out-sample forecasting performance of GARCH-MIDAS component 

with standard GARCH (1,1)  modified Diebold and Marin statistical test for comparing 

forecasting performance was used.  The null hypothesis of the test was there is no 

significant difference in forecasting accuracy of between GARCH-MIDAS and standard 

GARCH (1,1).  

Table 21.  Modified Diebold and Marino test result of model forecasting ability 

Model Test  statistic P-value 

GARCH(1,1) Vs. GARCH-IDAS-EXR -4.125 0.000 

GARCH (1,1) Vs. GARCH-MIDAS-INFR -3.632 0.0009 

Source: Own Computational Result 

Table 21 shows the DM-test result using GARCH-MIDAS component model with 

exchange rate and inflation rate and, the standard GARCH (1,1) model. It can be seen from 

the result that for both variables (Exchange rate and Inflation) the test statistics are 

significant at 1% level of significance indicating the rejection of null of equal forecasting 

accuracy between standard GARCH and GARCH-MIDAS model. Therefore, the GARCH-

MIDAS model outperform than the traditional GARCH (1,1) in the out-sample forecast of 

volatility. 
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5. CONCLUSION AND RECOMMENDATIONS 

5.1. Conclusion  

Modeling and forecasting high frequency data such as daily commodity price volatility 

using GARCH type model attracts the attention of many researchers. Following the same 

framework, the objective of the present study was to apply the multiplicative GARCH-

MIDAS model for daily exported coffee price as proxy of daily total coffee price of 

Ethiopia over the period of 1-1-2008 to 7-17-2018 with the purpose of fitting and 

forecasting coffee price return volatility. The GARCH-MIDAS model decomposes the 

conditional variance as short-term component, which follows the mean reverting GARCH 

(1,1) process, and long-term component, which consider different frequencies of 

macroeconomic variables. In this study exchange rate (nominal exchange rate), inflation 

rate (general inflation), interest rate (lending interest rate), fuel oil price (price of imported 

petroleum and petroleum production), total consumption and money supply (broad money) 

macroeconomic variables were employed through MIDAS specification of beta-weighting 

scheme to analyze impact of the variables on the long-term volatility component.  

From descriptive analysis of summary statistics and graphical analysis of daily coffee price 

return, the stylized fact of financial time series characterized by leptokurtic distribution 

which indicated that the skewness is different from zero, kurtosis is greater than three, 

volatility clustering of high volatility followed by high volatility and, low volatility 

followed by low volatility and fat tail nature were observed. This result implied that the 

nature of the data is deviated from normality assumption.  

The time series mean model with constant variance assumption of error, ARIMA (1,1) was 

selected based on  information criteria of AIC and BIC and fitted for coffee price return.  

Statistical tests for residuals diagnostics ARCH test were applied to a model and, the result 

revealed that the existence of time varying conditional variance for the ARIMA (1,1) mean 

model. The test result pointed out that the coffee price return exhibited positive 

autocorrelation in the squared returns that cannot be captured by time series model with 

constant variance assumption of error term.   

A conditional variance GARCH (1,1) volatility model under student-t distributional 

assumption of error was selected and used to fit the conditional variance of coffee price 
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return volatility with Quasi Maximum Likelihood and Bayesian estimation methods where 

both estimation procedures indicated the persistence of conditional variance even for small 

sample under Bayesian estimation which proved that estimation is not a problem to capture 

persistence in the  conditional variance for coffee price return.  

Moreover, the statistical tests of time varying unconditional volatility of Lundbergh and 

Terasvirta LM and Li-Mak portmanteau tests were applied on the residuals from GARCH 

(1,1) and revealed the presence of remaining ARCH effect. Such condition can be handled 

by higher order volatility model of GARCH-MIDAS component model, which 

decomposes volatility into short-term and long-term to capture the long memory effects 

and overcome the problem of frequency mismatch. Under the specification, 3MIDAS lag 

year of exchange rate, inflation rate, interest rate, fuel oil price and money supply whereas 

2MIDAS lag year of total consumption were identified with beta-weighting MIDAS 

specification.  

GARCH-MIDAS component analysis result indicated that, all variables (Exchange rate, 

inflation rate, interest rate, fuel oil price, consumer price index and money supply) 

including realized volatility have found a positive and statistically significant estimate of 

the long-run coefficient θ. This result revealed that an increase in the values of these 

indicators would increase the daily coffee price return volatility where exchange rate and 

inflation rate are the most significant drivers of coffee price return volatility in Ethiopia.  

Finally, forecasting were made using GARCH-MIDAS model with two macroeconomic 

variables, exchange rate and inflation rate.  The forecasting performance of GARCH-

MIDAS model were also  compared with bench mark GARCH(1,1) model using 

RMSE,MAE and DM test and the result show that GARCH-MIDAS component perform 

better forecast than the standard GARCH(1,1). Thus, GARCH-MIDAS model with 

monthly frequency of macroeconomic variables can better explains the risks and 

uncertainties of coffee price in coffee market. Therefore, it can be concluded that including 

different macroeconomic variables with GARCH-MIDAS component model improved the 

forecasting performance of coffee price volatility in the country. 
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5.2. Recommendations 

Based on the empirical finding of the study, the following recommendations were 

forwarded to concerned bodies and policy makers: 

• The investment strategies and the policy makers should consider the volatility 

effect of short-term and long-term basis of coffee price volatility in the country.  

• Inflation rate has statistically significant in both short-run and long run and has 

increasing impact on the long-term volatility.  Therefore, government should be 

aware of the appropriate fiscal and monetary policy measures to lighten the effect 

of inflation in the coffee market.   

• Stable exchange rate should need to be maintained since depreciation of Ethiopian 

Birr exerted pressure on inflation and interest rates and encourage price volatility. 

• The Ethiopian government should impose exchange rate policy in controlling 

inflation. 

In addition, the study has paved way for further investigation concerning multiplicative 

property of volatility. The possible future studies might include: 

• Incorporating additional macroeconomic variables as financial variables and 

comparing with other higher order GARCH components. 

• Multivariate GARCH-MIDAS component model with principal component 

analysis to consider possible interdependence for more than two commodities 

prices and macroeconomic variables. 
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Appendix Table 1.  ARMA (1, 1) Mean equation for coffee price return 

Variable Coefficient Std. Error t-Statistic Prob.   
   C       0.0031 0.000700 0.442989 0.6578 
AR(1) 0.313890 0.009176 34.20647 0.0000 
MA(1) -0.984739 0.002608 -377.5446 0.0000 
SIGMASQ 1.312816 0.015198 86.37804 0.0000 

 
Appendix Table 2.  Ljung-Box test of serial correlation for residual from ARMA (1, 1) 
Mean equation  

Autocorrelation Partial Correlation  AC   PAC  Q-Stat  Prob. 
        |      |         |      | 1 0.021 0.021 1.2694  
        |      |         |      | 2 0.008 0.008 1.4486  
        |      |         |      | 3 0.000 0.000 1.4492 0.229 
        |      |         |      | 4 0.013 0.013 1.9103 0.385 
        |      |         |      | 5 0.026 0.025 3.7284 0.292 
        |      |         |      | 6 0.010 0.008 3.9894 0.407 
        |      |         |      | 7 0.000 -0.000 3.9900 0.551 
        |      |         |      | 8 -0.013 -0.014 4.4694 0.613 
        |      |         |      | 9 0.030 0.030 6.9482 0.434 
        |      |         |      | 10 -0.026 -0.028 8.8861 0.352 
        |      |         |      | 11 0.052 0.052 16.279 0.061 
        |      |         |      | 12 -0.000 -0.002 16.279 0.092 
        |      |         |      | 13 0.016 0.016 17.004 0.108 
        |      |         |      | 14 0.008 0.007 17.175 0.143 
        |      |         |      | 15 -0.014 -0.015 17.711 0.169 
        |      |         |      | 16 0.034 0.033 20.913 0.104 
        |      |         |      | 17 -0.034 -0.036 24.119 0.063 
        |      |         |      | 18 -0.001 -0.002 24.123 0.087 
        |      |         |      | 19 -0.007 -0.003 24.246 0.113 
        |      |         |      | 20 0.003 -0.001 24.265 0.147 
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Appendix Table 3.  ARCH test with Ljung-Box test for squared residuals of Coffee Price 
Return Sample 1/2/2008 07/16/2018 

Autocorrelation Partial Correlation  AC   PAC  Q-Stat  Prob. 
        |*     |         |*     | 1 0.191 0.191 100.34 0.000 
        |    |         |*    | 2 0.106 0.072 131.43 0.000 
        |      |         |      | 3 0.051 0.019 138.52 0.000 
        |      |         |      | 4 0.031 0.012 141.20 0.000 
        |      |         |      | 5 0.011 -0.002 141.51 0.000 
        |      |         |      | 6 0.054 0.050 149.46 0.000 
        |      |         |      | 7 0.008 -0.012 149.64 0.000 
        |      |         |      | 8 0.015 0.007 150.22 0.000 
        |      |         |      | 9 0.061 0.058 160.64 0.000 
        |      |         |      | 10 0.010 -0.014 160.91 0.000 
        |      |         |      | 11 0.053 0.046 168.56 0.000 
        |      |         |      | 12 0.007 -0.017 168.69 0.000 
        |      |         |      | 13 0.018 0.011 169.57 0.000 
        |      |         |      | 14 0.007 0.000 169.70 0.000 
        |      |         |      | 15 0.022 0.012 171.07 0.000 
        |      |         |      | 16 0.060 0.057 180.96 0.000 
        |      |         |      | 17 0.006 -0.024 181.05 0.000 
        |      |         |      | 18 0.027 0.019 183.07 0.000 
        |      |         |      | 19 0.003 -0.009 183.09 0.000 
        |      |         |      | 20 0.005 -0.004 183.15 0.000 
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Appendix Table 4.   ARCH-LM test for Squared Residuals of coffee return price of ARMA 
(1, 1) ARCH-LM test 

F-statistic 27.23557     Prob. F(2,2745) 0.0000 
Obs*R-squared 53.46964     Prob. Chi-Square(2) 0.0000 
Test Equation: 
Dependent Variable: RESID^2 
Method: Least Squares 
Date: 09/22/19   Time: 13:22 
Sample (adjusted): 3 2750 
Included observations: 2748 after adjustments 

 
 
 
 
 
 

          
Variable Coefficient Std. Error t-Statistic Prob.   
C 20.03975 1.104217 18.14837 0.0000 
RESID^2(-1) 0.110724 0.019037 5.816375 0.0000 
RESID^2(-2) 0.072654 0.019036 3.816612 0.0001 
R-squared 0.019458     Mean dependent var 24.54094 
Adjusted R-squared 0.018743     S.D. dependent var 48.34942 
S.E. of regression 47.89417     Akaike info criterion 10.57696 
Sum squared resid 6296622.     Schwarz criterion 10.58342 
Log likelihood -14529.74     Hannan-Quinn criter. 10.57929 
F-statistic 27.23557     Durbin-Watson stat 2.005334 
Prob(F-statistic) 0.000000    
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Appendix Figure 1.  Histogram plot, summary statistics and normality test for coffee price 
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Appendix Figure 2.  Histogram plot, summary statistics and normality test for coffee price 

return 
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Appendix Figure 3.  Time series plot for exchange rate and differenced exchange rate 
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Appendix Figure 4. Time series plot for inflation rate (stationary in level)  
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Appendix Figure 5.  Time series plot for interest rate and differenced interest rate 
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Appendix Figure 6.  Time series plot for fuel oil price and differenced fuel oil price 
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Appendix Figure 7.  Time series plot for total consumption and differenced total 

consumption 
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Appendix Figure 8.  Time series plot for money supply and differenced money supply 
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Appendix Figure 9.  Time series plot for macroeconomic variables  
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Appendix Figure 10.  Time series plot for differenced macroeconomic variables (inflation 

rate stationary at level) 
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Appendix Figure 11.  Histogram plot of normality test for residuals of coffee price return 

 

 


