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Abstract: This study aims at developing econometric models to manage the price risk of Dry and Wet
Cocoa beans with the help of ARIMA (Autoregressive Integrated Moving Average) and VAR (Vector
Auto Regressive). The monthly price of Cocoa beans is collected for the period starting from April
2009 to March 2020 from the office of CAMPCO Limited, Mangalore, and the ICE Cocoa futures price
from the website of investing.com. The augmented dickey fuller test is used to test the stationarity of
the series. The ACF and PACF correlograms are used to identify the tentative ARIMA model. Akaike
information criterion (AIC) and Schwarz criterion (SBIC), Sigma square, and adjusted R2 are used to
decide on the optional AR and MA terms for the models. Durbin–Watson statistics and correlograms
of the residuals are used to decide on the model’s goodness of fit. Identified optimal models were
ARIMA (1, 1, 0) for the Dry Cocoa beans price series and ARIMA (1, 1, 2) for the Wet Cocoa beans
price series. The multivariate VAR (1) model found that the US and London Cocoa futures prices
traded on the ICE platform will influence the price of Dry Cocoa in India. This study will be helpful
to forecast the price of Cocoa beans to manage the price risk, precisely for Cocoa traders, Chocolate
manufacturers, Cocoa growers, and the government for planning and decision-making purposes.

Keywords: ARIMA models; VAR; price risk; risk management; volatility; financial market; cocoa
beans; price movements

1. Introduction

In this dynamic business world, research on risk management has gained a great
deal of importance and it will continue to be of interest to many researchers. Price risk in
the agricultural commodities market is expected. Stakeholders such as traders, industrial
buyers, and growers will experience adverse effects from such risk. Sekhar (2004) stated
that the economic reforms in India in the year 1991–1992 resulted in a liberalized import
policy, which in turn transmitted the international price volatility to the domestic market.
Commodity Cocoa is not excluded from such price volatility; its price is not stable in
the global market. Hence, the income of farmers and the government of Cocoa growing
countries have become volatile (Oomes and Tieben 2016). Brown et al. (2008) mentioned
that the conflict between the larger producing countries, exchange rate fluctuations, and
export dumping had exposed commodity Cocoa in the international market to price risk.
Aidenvironment and Sustainable Food Lab (2018) stated that the price volatility in the
topical commodities market is common, where the Cocoa international market saw a 40%
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price drop in 2016. Jayasekhar and Ndung (2018) opined that the domestic Cocoa price in
India would follow the price movements in the international market. The price risk in the
market makes farmer families suffer. Traders and industrial buyers also see an adverse
impact on their numbers (Chloe 2021). Commodity price risk may become a bottleneck
for exports of such commodities; this is evident in Indonesian Cocoa export performance
(Fauziah Widayat et al. 2019).

Hedging, price predictions, and minimum support prices from the government are the
major price risk management strategies available for farmers and traders of commodities.
In the international markets, hedging the price risk using forwards, futures, or options
contracts is recommended for growers and traders of Cocoa (Janchum et al. 2017; Aidenvi-
ronment and Sustainable Food Lab 2018). Market-based price risk management strategies
such as futures and options were introduced on many commodities in a few countries
(FAO et al. 2011). However, many commodities are still not traded in the Indian commodity
exchanges, and Cocoa is one such commodity.

Even though the price risk in Cocoa commodity is high, this crop is majorly produced
in the Karnataka, Kerala, Andhra Pradesh, and Tamilnadu states of India (Directorate of
Cashewnut and Cocoa Development 2020c). A total of 94,008 hectares of land is used in India
for Cocoa cultivation and 23,981 metric tons of Cocoa was produced in the financial year
2018–2019 (Directorate of Cashewnut and Cocoa Development 2020a). Its contribution to
India’s export is also impressive, in the recent financial year 2018–2019, a total of Rs. 1350.86
crore worth of Cocoa was exported (Directorate of Cashewnut and Cocoa Development
2020b). Cote d’Ivoire and Ghana are the two major Cocoa producing countries in the world;
they contribute roughly 60% of the world’s total Cocoa production (Tröster et al. 2019).

Many firms, traders, and growers are exposed to the volatility of commodity prices;
this in turn will influence the price of raw materials (Gaudenzi et al. 2018). This price
risk has a direct bearing on the financial and operational performance of the company. To
mitigate such price risks, hedging using financial instruments such as forwards, futures,
and options or using an accurate price forecast model is important (Buhl et al. 2011). The
futures of commodity Cocoa are not traded in India. The futures o Cocoa are traded on
the USA and the UK on the Intercontinental Exchange (ICE) platform. Using vector auto
regression methodology (VAR), this study aims at finding the link between the Cocoa
market in India and ICE. As an alternative, this study aims to develop a price prediction
model using Box–Jenkins ARIMA methodology.

2. Literature Review

Box and Jenkins ARIMA methodology has been used in many disciplines to predict
the demand and price of commodities, weather, and economic indicators. For example
(Abdullah 2012; Cortez et al. 2018; Nochai and TItida 2006) used Box and Jenkins method-
ology to develop an appropriate prediction model for bitcoin, oil, and other commodity
prices. Hossain et al. (2006) developed an ARIMA model to predict the prices of pulses in
Bangladesh. The application of this model in the real estate sector to forecast residential
property prices is also witnessed from the works of (Tse 1997; Chin and Fan 2005). In the
financial markets, the capital market is the most active and highly volatile; to manage the
price risk of this volatile market ARIMA model was developed by (Adebiyi et al. 2014;
Mondal et al. 2014). Abonazel and Ibrahim (2019) developed the ARIMA model to predict
the Egyptian GDP, and Farooqi (2014) used this model to forecast the Imports and Exports
of Pakistan. Using eight years of monthly data for the period 2008 to 2016, Sukiyono et al.
(2018) developed the ARIMA model to predict the Cocoa price in Indonesia. In time series
analysis, the ARIMA methodology developed by Box and Jenkins in the year 1979 has
been widely used in various disciplines. Although multivariate time series analysis such
as VAR and regression are popular in forecasting models, univariate model ARIMA is
widely accepted because the explanatory variables in this model are the past values of
the dependent variable (Hossain et al. 2006). The ARIMA model is the most preferred
methodology in financial and agricultural forecasts; particularly, it has shown greater
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efficiency in generating short-term forecasts (Adebiyi et al. 2014; Abonazel and Ibrahim
2019). In such a volatile market, an appropriate prediction model will help all stakeholders
of the commodity market; this makes applying the ARIMA model for such predictions
worthwhile. A good number of studies have appeared with regard to the ARIMA model
for agricultural commodities; for example, (Darekar and Reddy 2017; Mishra et al. 2019;
Shil et al. 2013; Sukiyono et al. 2018) have developed an ARIMA model to predict the prices
of Arecanut, Cocoa, Potato, and Cotton, respectively. Using eight years of monthly data for
the period 2008 to 2016, Sukiyono et al. (2018) developed an ARIMA model to predict the
Cocoa price in Indonesia.

Singh and Singh (2016) used a VAR model to understand the linkage between the
US and Brick equity market. Kumar et al. (2021a) applied VAR to examine the linkage
between the crude oil market and rubber market in India. Similarly, to understand the
causal relationship and linkage between different financial markets, VAR methodology has
been used by (Akgül et al. 2015; Bataa et al. 2018; Taghizadeh-Hesary et al. 2019; Yousaf
and Ali 2020; Tumala et al. 2021).

The commodity Cocoa is used for the production of chocolate, which is consumed
by end-users for joy and celebrations. However, the price of this agricultural commodity
has been more volatile in the world market since 2014 (Pipitone 2019). Maurice and Davis
(2011) stated that the world Cocoa market was highly volatile in the last decade. Various
crises in the world market such as financial, economic, energy, and food are the reasons for
this volatility. From the Indian perspective, the crop Cocoa was not traditionally grown;
however, the world Cocoa market was very lucrative in the 1970s, which attracted farmers
in India to bring Cocoa plantations into their agricultural properties (Jayasekhar and Ndung
2018). However, in later decades, the price became more volatile, which made farmers
switch from Cocoa to other plantation crops. The last decade has witnessed decent growth
in the income of Cocoa farmers and even area expansion (Jayasekhar and Ndung 2018).
Qaiser Gillani et al. (2021) also discussed about the linkage between long-term economic
growth and public spending in case of Asian countries. The demand for Cocoa in the
international market is increasing and the Cocoa exports in India are growing considerably
too; the Indian Cocoa market follows global price movements (Radhika and Amarnath
2008). Hubballi (2015) opined that the Cocoa crop is suitable for a mixed crop with Coconut
and Arecanut. Kumar et al. (2021b) suggested that India represents the largest producer
and consumer of Areca nut in the world. State Karnataka has good potential for this crop
because of the decent monsoon every year in this state. To abbreviate from this section, the
Cocoa plantation crop in India is increasing; however, the domestic and world market is
very sensitive in terms of pricing.

3. Data and Methodology

The study’s objective is to develop a price forecast for two varieties of Cocoa in India.
Data for this time series study were collected from the office of The Central Arecanut and
Cocoa Marketing and Processing Co-operative limited (CAMPCO). The monthly data were
collected for the period starting from April 2009 to March 2020. For the same time period,
the ICE US and London Cocoa futures prices were collected from the official website of
investing.com. Two varieties of Cocoa beans are traded in the Karnataka state of India:
Dry Cocoa beans and Wet Cocoa beans. In this study, we analyzed the price series of both
varieties of Cocoa. The ARIMA and VAR models were developed for both of these series.
From the data perspective in the time series analysis, the prerequisite is the stationarity of
the series. If the series used for econometric analysis is not stationary, such analysis will
give a spurious regression (Gujarati et al. 2009). To tackle such stationary issues, researchers
can use integrated series with d order differences in the raw series (Kunst 2011). Many
econometric experts (for example, Mills and Patterson (2009); Kunst (2011); Gujarati et al.
(2009)) opined that correlograms of the series would give an initial clue on the stationarity
of the series. However, formal hypothesis testing such as the Augmented Dickey–Fuller
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test is advised. Hence, in this study, correlograms and the Augmented Dickey–Fuller test
are used to check the stationarity of the series.

Linear regression is a common tool used for forecasts. The general term of a bivariate
linear regression model is shown in the Equation (1).

yt = α + β(xt) + εt (1)

In this simple form of a linear regression equation, yt is the dependent variable,
xt is the explanatory or independent variable, α and β are the constants, and εt is the
error of the model (Rawlings et al. 1998). The same model has been extended for multi-
variate predictions; this model could be suitable when the researcher has more than one
independent variable for the dependent variable of his interest. The general form of this
multivariate regression model is shown in the Equation (2).

yt = α + β1(x1t) + β2(x2t) + . . . + βn(xnt) + εt (2)

In the second equation, we can observe multiple independent variables with names
x1, x2, and xn and their relationship factors β1, β2, and βn with dependent variable yt. The
above two regression equations or methodology can be used only when the determinants
of yt are measurable. In the short run, although explanatory variables are constant, the
yt might vary due to market trends. In such situations, the application of univariate
models such as Auto-Regressive (AR), Moving Average (MA), Auto Regressive Moving
Average (ARMA), or Auto-Regressive Integrated Moving Average (ARIMA) would be
most appropriate (Brooks 2008). These models’ very common pervasive characteristic is
that the explanatory variables in all these models are the past values of the dependent
series or its error terms (Stanton 2017). This is evident from the following third, fourth, and
fifth equations.

yt = µ + β1yt−1 + β2yt−2 + . . . + βpyt−p + ut (3)

yt = µ + ut + θ1ut−1 + θ2ut−2 + . . . + θqut−q (4)

yt = µ + β1yt−1 + β2yt−2 + . . . + βpyt−p + θ1ut−1 + θ2ut−2 + . . . + θqut−q + ut (5)

Equations three, four, and five are the general form of the AR, MA, and ARMA process,
where yt is the value of the dependent variable. In equations three, four, and five,ut denotes
the white noise error term, where p ∧ q denotes the optimal number of lags for the AR
(p) and MA (q) process. AR model implies the present value of the dependent variable, y,
depending on its past values. MA model implies that the current value of the dependent
variable is the function of the present and the past values of a white noise error term
(Chris Brooks 2014). Equation five shows the characteristics of the ARIMA model, where
the current value of the dependent variable, y, is the function of its past values plus the
blend of the present and past values of a white noise disturbance term (Brooks 2008). If the
raw series is stationary at its base level, then the model applicable would be ARMA (p, q,);
however, if the series is not stationary, then such series calls for integrated or differenced
series to avoid spurious regression. Such differenced series would be used to identify
the AR (p) and MA (q) terms for the ARMA model (Fabozzi et al. 2014). Hence, Box and
Jenkins ARIMA modelling differs from ARMA, with additional terms ‘integrated’ and ‘I’
in the acronym.

The first half of Section 4 focuses on the identification of ‘p’, ‘q’, and ‘d’ parameters
for the ARIMA model to forecast the monthly price of Cocoa. Parameter ‘d’ is the order of
differencing to make the series stationary. Once the series becomes stationary, the graphi-
cal representation of the Auto Correlation Function (ACF) and Partial Auto Correlation
Function (PACF) of the stationary series can be used to identify the ‘p’ and ‘q’ parameters
(Meeker 2001). However, Brooks (2008) opined that interpreting ACF and PACF correlo-
grams are not an easy task because these figures rarely produce simple patterns. Hence, it is
advised to use information criteria statistics of the estimates to decide on the number of lags
or parameters for the model. There are three popular information criteria recommended
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by many econometricians for optimal lag selection; they are, Akaike’s information criteria
(AIC), Schwarz’s Bayesian information criteria (SBIC), and the Hannan–Quinn criterion
(HQIC) (Agung 2009; Fabozzi et al. 2014; Mallikarjuna et al. 2019; Mills and Patterson 2009;
Shmueli and Litchtendahl 2016). The ACF and PACF correlograms of the residuals of the
estimates are used for the diagnostic checking (Gujarati et al. 2009). The following two
hypotheses are developed and tested in this study.

H01: The Dry Cocoa price series has a unit root.

H02: The Wet Cocoa price series has a unit root.

H03: The autocorrelation and partial autocorrelation values for residuals of the estimated model are
not serially correlated.

Further, we develop the VAR model; the endogenous variables in the model are US
Cocoa futures, London Cocoa futures, and Cocoa prices from India. The following equation
shows the general form of the bivariate VAR model. Where (CP) in equation six is the
Cocoa price, which is dependent on its own lagged values, lagged values of Cocoa futures
price (CF), and (uCPt) is the white noise error term. CF in the seventh equation is the
Cocoafuture price, which is dependent on its own lagged values and lagged values of
Cocoa price (CP) and (uCFt) is the white noise error term. However, we accommodate the
above-mentioned three endogenous variables in the model.

CPt = βCP0 + βCP1CPt−1 + . . . + βCPkCPt−k+ ∝CPk CFt−1 + . . . + αCPkCFt−k + uCPt (6)

CFt = βCF0 + βCF1CFt−1 + . . . + βCFkCFt−k+ ∝CFk CPt−1 + . . . + αCFkCPt−k + uCFt (7)

4. Data Analysis and Interpretation
4.1. Test for Unit Root

The graphical representation of the time series will give an initial clue of the stationarity
of the series. It is customary that the economic or commodity price time series shows an
upward trend over a period of time. The price series of Dry Cocoa beans and the ICE
Cocoa futures are not excluded from this fundamental theory; however, the Wet Cocoa
beans series shows a mixed trend during the study period. The price of Cocoa in the years
2012 and 2013 dropped badly in the world market and the same is evident in the Indian
market. The oil crisis and financial instability werethe major reasons for the volatility. In
India, Cocoa is not produced as a major product; instead, it is grown as a mixed crop with
Arecanut and Coconut plants. Hence, the impact of the price drop was not discussed much
in the existing literature. Panel (a) in the first image shows the upward trend of the Dry
Cocoa price series; this is a clear indication of a non-stationary or an auto-correlated time
series. Hence, the raw series is integrated with first-order differences. Panel (b) shows
the same upward trend, but the ADF test confirms that the Wet Cocoa price series is a
stationary series. Panel (c) and (d) in the second image are the pictorial representations
of the London Cocoa futures price series and US Cocoa futures price series; these graphs
resemble the trend Dry Cocoa price series. However, a hypothesis testing using Augmented
Dickey–Fuller test will confirm this formally.

Unit root test results are presented in Table 1. As Figure 1 depicts, for the Dry Cocoa
beans price series, there is not enough evidence to reject the null hypothesis. The probability
value is more than 0.05 and the t statistics lie inside the cutoff point of−2.414 for all common
significance levels. However, in the case of Wet Cocoa beans price series, the MacKinnon
probability value is less than 0.05, and even the t values are outside the cut-off point of
−4.897823 for all common significance levels. This confirms that the raw Dry Cocoa price
series is serially correlated and the Wet Cocoa price series is a non-stationary time series.
The Augmented Dickey–Fuller test for differenced Dry Cocoa beans price series is shown.
The MacKinnon probability value of (0.00), which is less than 0.05, and the t statistic values
for all levels of significance are in the rejection region. This rejects the null hypothesis, and
now the differenced series is not serially correlated. The MacKinnon probability values of
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US Cocoa futures and London Cocoa futures confirm that the price series is non-stationary
in its original form. The return series of US Cocoa futures and London Cocoa futures are
free from autocorrelation with probability values of 0.00 and 0.00. The Phillips–Perron (P-P)
test statistics for the price and return series of dry and wet Cocoa series are presented in
panel (c) of Table 1; the results of this test are identical to the ADF tests.

Table 1. Unit-root test results. Source: Authors processing.

Panel a: Cocoa and currency price series

Prices t-Statistic
Test critical Values p-Value

1% Level 5% Level 10% Level

Dry Beans price series −2.41 −3.48 −2.88 −2.58 0.14
Wet Beans price series −4.90 −3.48 −2.88 −2.58 0.00

US Cocoa futures −2.55 −3.48 −2.88 −2.58 0.11
London Cocoa futures −2.89 −3.48 −2.88 −2.58 0.06

Panel b: Cocoa and currency return series

Returns t-Statistic
Test critical Values p-Value

1% Level 5% Level 10% Level

Dry Beans price series −9.38 −3.48 −2.88 −2.58 0.00
US Cocoa futures −7.56 −3.48 −2.88 −2.58 0.00

London Cocoa futures −6.96 −3.48 −2.88 −2.58 0.00

Panel c: P-P test for unit-root

Dry Beans price series −2.44 −3.48 −2.88 −2.58 0.13
Wet Beans price series −4.85 −3.48 −2.88 −2.58 0.00
Dry Beans price series −8.75 −3.48 −2.88 −2.58 0.00

The descriptive statistics for the price and return series of dry and wet Cocoa beans
are presented in Table 2. The mean returns of both the series are less than their respective
standard deviations; this implies that the return series of dry and wet Cocoa beans are
highly volatile. The negative skewness in the price and return series of wet Cocoa beans
indicates the heavy losses or longer left tails in the series. High Kurtosis in the return series
of wet Cocoa beans indicates the presence of fat tails in the series.

Table 2. Descriptive statistics of dry and wet Cocoa beans price/return series.

Panel a: Price Series Panel a: Return Series

Dry Cocoa
Beans

Wet Cocoa
Beans

Dry Cocoa
Beans

Wet Cocoa
Beans

Mean 17,484.82 4725.46 0.01 0.00
Maximum 23,709.48 6748.00 0.21 5.52
Minimum 10,932.00 19.76 −0.14 −5.83
Std. Dev. 2966.43 1061.47 0.05 0.71
Skewness −0.41 −0.40 0.44 −0.68
Kurtosis 2.28 4.70 6.33 64.13

Jarque–Bera 6.49 19.28 64.62 20,409.24
Observations 131.00 131.00 130.00 130.00

Source: Authors computations.
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4.2. Box–JenkinsARIMA Model Identification

This paper aims to identify the AR (p), MA (q), and I (d) terms for the forecasting
model. In these three terms, the I (d) term is already identified. The Dry Cocoa beans
price series became stationary after the first order differencing; hence, the I (d) term for this
model is process is I (1). However, the Wet Cocoa beans price series was stationary in its
base level without integration or differencing; hence, the I (d) term for this model process is
I (0) and the resulting model may become AR or MA or ARMA. Further to identify the AR
and MA terms for the model ACF and PACF correlograms are used; however, Brooks (2008)
mentioned that ACF and PACF correlograms will produce complicated graphs. Hence,
these ACF and PACF correlograms can be used to identify only the tentative models. The
information criteria of the estimates can be used to finally decide on the optimal lags for
the model. Figures 2 and 3 are the pictorial representation of ACF and PACF of differenced
Dry Cocoa beans price series and Wet Cocoa beans price series.
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In the last section, the Augmented Dickey–Fuller test and line plot graph confirmed
that the differenced Dry Cocoa series is not stationary. Table 3 above shows that the
autocorrelation values are negligible and the correlation value dies off by the fourth lag.
However, our focus here is to identify the tentative parameters for the AR and MA process
of the ARIMA methodology. It is evident from the second Table that the auto-correlation
values are not significant with a 95% confidence interval. Gujarati et al. (2009) stated that
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the identification of model parameters is an art, because different people may identify
different parameters by looking at the ACF and PACF correlograms, which are similar, but
not identical. Theoretically, rule of thumb is that if the initial lags of ACF have significant
spikes and those spikes slowly decay, then that is the symptom of an Auto-Regressive (AR)
process. It is an indication that the value yt is the function or its past values. Further, if the
PACF is positive in its first lag and cuts off deeply, then again, that is the sign of an Auto
Regressive (AR) process. Contradictorily if the ACF in the first lag is negative, such a series
follows the Moving Average (MA) process.

Table 3. Autocorrelation and partial autocorrelation values for differenced Dry Cocoa Beans price
series.

Dry Cocoa Beans

Lag Autocorrelation Partial
Autocorrelation Prob

1 0.164 0.164 0.057
2 0.094 0.069 0.090
3 0.021 −0.005 0.181
4 −0.017 −0.027 0.296
5 0.054 0.062 0.378
6 −0.034 −0.050 0.484
7 0.104 0.112 0.429
8 −0.030 −0.062 0.523
9 −0.007 −0.005 0.623
10 −0.185 −0.195 0.279
11 0.015 0.100 0.355
12 0.013 0.001 0.434
13 0.002 0.019 0.516
14 −0.009 −0.053 0.594
15 −0.122 −0.083 0.496
16 −0.041 −0.035 0.551

Source: Authors computations using SPSS package.

The ACF in the first lag does not show significant spikes in the initial lags; moreover,
the ACF decays immediately in the third or fourth lag. However, both the ACF and the
PACF values are positive in the first lag for the differenced series. Further, as the first lag of
ACF is not negative, adding value to the AR process makes sense. Very importantly, both
ACF and PACF values in the first lags are just equal to or below the 95% confidence interval;
further, the ACF and PACF values for all 15 lags are inside the 95% confidence interval.
Graphical representation rarely gives precise AR and MA parameters (Chris Brooks 2014).
Hence, the following tentative models are selected based on the above discussions. For
tentative models (1, 1, 1), (0, 1, 1), and (1, 1, 0), regression coefficients will be estimated and,
based on information criteria, an optimal model will be selected.

Interestingly, the Wet Cocoa beans price series proved to be a white noise series by the
Augmented Dickey-Fuller test and line plot graph. However, the ACF and PACF values
disprove the tested hypothesis. Table 3 shows that the autocorrelation values are not equal
to zero until the sixteenth lag and the correlation values are gradually decreasing; this is
the sign of a non-stationary series. The serially correlated series will produce nonsense
coefficients and such spurious regressions would become evident by R2 (the measure of
goodness of fit) greater than the d value (Durbin–Watson) (Yule 1926; Granger and Newbold
1974). Hence, the first order differenced series is also analyzed; the ACF and PACF values
of such differenced series exhibit the characteristics of a non-stationary series. For raw
series of Wet Cocoa beans, the ACF in the inceptive lags manifests peaks and slowly decays.
Panel (b) in the third image proclaims that the PACF in the first lag is positive and there
is a drastic decline in the PACF pattern immediately from the second lag. Moreover, the
ACF in the initial lags shows a prolonged decline, and these are all the characteristics of
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an AR process. Pragmatic approaches are to reckon the PACF cut-off point and select it as
Auto-Regressive (AR) term for the model.

Likewise, the lag where ACF dies off will become the Moving Average (MA) term for
the model. Gujarati et al. (2009) opined that during the AR and MA term identification
process, researchers have to look for terms with possible minimum lags, and that the
parsimony should be the key. With these rationales, tentative models (1, 1, 1), (1, 1, 2),
(1, 1, 3), and (1, 1, 4) are identified raw Wet Cocoa beans price series. The ACF and PACF
correlograms of the first-order differenced Wet Cocoa price series is shown in Panel (c)
and (d) of the third figure. The Section 2 in Table 3 shows the Autocorrelation and Partial
Autocorrelation values of the differenced series. The ACF value in the first lag is negative
and the series values are not serially correlated, which indicates a Moving Average (MA)
process. As the ACF cuts off in the first lag itself, the identified term for the MA process is
one, tentative models (1, 1, 1), (2, 1, 1), (3, 1, 1), and (4, 1, 1) are carried for the estimation
process. The ACF and PACF estimates for the price and return series of Wet Cocoa beans is
presented in Table 4.

Table 4. ACF and PACF values for Raw and Differenced Wet Cocoa Beans price series.

Wet Cocoa Beans D. Wet Cocoa Beans

Lag Autocorrelation Partial
Autocorrelation Prob Autocorrelation Partial

Autocorrelation Prob

1 0.695 0.695 0.000 −0.488 −0.488 0.000
2 0.549 0.128 0.000 0.002 −0.310 0.000
3 0.389 −0.065 0.000 −0.004 −0.223 0.000
4 0.261 −0.049 0.000 −0.019 −0.198 0.000
5 0.221 0.092 0.000 0.007 −0.168 0.000
6 0.194 0.050 0.000 0.005 −0.138 0.000
7 0.180 0.019 0.000 −0.002 −0.120 0.000
8 0.199 0.073 0.000 0.010 −0.090 0.000
9 0.208 0.051 0.000 −0.009 −0.082 0.000
10 0.247 0.098 0.000 −0.012 −0.095 0.000
11 0.298 0.116 0.000 0.004 −0.097 0.001
12 0.329 0.075 0.000 0.001 −0.095 0.001
13 0.308 −0.027 0.000 0.008 −0.080 0.002
14 0.237 −0.082 0.000 0.006 −0.058 0.004
15 0.147 −0.074 0.000 −0.004 −0.047 0.006
16 0.081 −0.023 0.000 −0.008 −0.052 0.010

Source: Authors computations using SPSS package.

5. Estimation

Using the E Views-11 student version package, coefficients are estimated for all the
identified tentative models. Customarily, the estimates output will produce coefficients
along with some information criteria and goodness-of-fit statistics. Researchers often
use the Akaike information criterion (AIC) and Schwarz criterion (SBIC) along with the
regression coefficients, volatility, and adjusted R2 to resolve the ambiguity of optimal AR
and MA terms for an ARIMA model. In addition to these parameters, R2 and Durbin—
Watson statistics are also considered to measure the non-stationary series’ impact and avoid
spurious regression.

From Table 5, it is understandable that the regression coefficients tentative model
(1, 1, 1) is not statistically significant. Hence, model (1, 1, 1) can be filtered, and the other two
models are carried forward for further analysis with other statistical values. Sigma square is
the measure of volatility; a model with a lower sigma square is preferred, and likewise, a
model with the lowest Akaike information criterion (AIC) and Schwarz criterion (SBIC) is
considered as a better model (Gujarati et al. 2009). Further adjusted R2 is the measure of
goodness of fit; customarily, the model with the highest R2 is considered as the better model.
With these criteria, model (1, 1, 0) is considered an appropriate model because the volatility,
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AIC, and SBIC values of this model are less compared to model (0, 1, 1). Even the adjusted
(R2) favors the model (1, 1, 0). There is no symptom of autocorrelation in the analyzed
series because the R2 value is less than Durbin–Watson d statistic value. Moreover, the
Durbin–Watson value closes to two indicates a non-stationary series; hence, the estimated
coefficients are not spurious.

Table 5. Summary of ARIMA estimation output for differenced Dry Cocoa Beans Price.

Differenced Dry Cocoa Beans Price (1, 1, 1) (0, 1, 1) (1, 1, 0)
Number of Significant Coefficients 0 1 1

Sigma square 0.00232 0.00234 0.00233
Adjusted, R2 0.0094 0.0095 0.0135

AIC −3.1666 −3.1742 −3.1783
SBIC −3.0788 −3.1084 −3.1125

R2 0.0322 0.0247 0.0287
Durbin–Watson Statistic 1.9416 1.9116 1.9585

Source: Authors processing using EViews 11 package.

The first exciting discussion in this section is about the contradictory discussion from
the identification section about the stationarity of the raw Wet Cocoa beans price series. The
estimates for the tentative models of the raw Wet Cocoa beans price series are presented
in Table 6. The R2 and the Durbin–Watson statistic are brought here in this Table to check
whether the model has produced spurious regression because of serially correlated series.
The ACF and PACF correlograms depicted a graph identical to a non-stationary series.
However, the R2 and Durbin–Watson statistics in Table 6 favor the Augmented Dickey–
Fuller test result. Durbin–Watson statistic values are very close to two and the R2 values are
less than Durbin–Watson d values for all the estimations. Hence, the raw Wet Cocoa price
series is a non-stationary series and the estimates are not spurious, so it is not necessary
to estimate the coefficients for differenced Wet Cocoa price series. From other statistics
from Table 6, models (1, 1, 3) and (1, 1, 4) can be dropped easily because both AR and MA
have statistically significant coefficients; for the other two models, both AR and MA have
statistically significant coefficients. The volatility model (1, 1, 1) estimate is greater than the
volatility of the model (1, 1, 2) estimate.

Table 6. Summary of ARIMA estimation output for Raw Wet Cocoa Beans Price series.

Raw Cocoa Beans Price (1, 1, 1) (1, 1, 2) (1, 1, 3) (1, 1, 4)
Number of Significant

Coefficients’ 2 2 1 1

Volatility 564,350.700 560,963.800 573,409.200 570,601.800
Adjusted, R2 0.489 0.492 0.481 0.484

AIC 16.147 16.142 16.163 16.158
SBIC 16.235 16.229 16.250 16.246

R2 0.501 0.504 0.493 0.496
Durbin–Watson Statistic 2.013 2.043 2.172 2.226

Source: Authors processing using EViews package.

Similarly, the AIC and the SBIC values favor the model (1, 1, 2). The adjusted R2 value
of model (1, 1, 2) is greater than the other model in the race. Hence, the ARIMA optimal
models based on information criteria are model (1, 1, 0) for Dry Cocoa beans price and
model (1, 1, 2) for Wet Cocoa price. Diagnostic checking with the help of residuals of the
estimates is advised by many econometricians (Gujarati et al. 2009; Brooks 2008).

6. Diagnostic Checking

Whether the estimated model is good enough for prediction is the obvious question
that arises after the model estimation. If the model is not suitable for predictions, such
model parameters may have to be revised by repeating all the procedures starting from the
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introduction till the diagnostic check. To perform the diagnostic check, the developers of
the methodology, Box and Jenkins, advised residual diagnostic and over fitting methods.
Moreover, to measure the goodness of fit for the estimated ARIMA model, many econo-
metricians have suggested examining the ACF and PACF correlograms of the residuals
(Brooks 2008; Meeker 2001; Gujarati et al. 2009). The aim is to construct a parsimonious or
over fitted model, which is not advised because such a model may result in high standard
errors for coefficients. The theory of the parsimonious model was taken care of in the
identification section and now it is essential to examine the correlograms to check whether
the residuals are serially correlated.

The correlograms of ACF and PACF in Figure 4 confirm that the residuals not serially
correlated, because both ACF and PACF correlograms are simply flat. For all the lags,
the ACF and PACF are within the 95 percent confidence interval. Table 7 shows that
auto correlation (AC)and partial auto correlation (PAC) values are very minor and the
probability values with a 95 percent confidence interval prove that the residuals series for
the model (1, 1, 0) and (1, 1, 2) are not serially correlated. This confirms that the estimated
models have captured all the pieces of information and there is no need to revise the model
parameters. Hence, the ARIMA (1, 1, 0) is the optimal model to predict the monthly prices
of Dry Cocoa beans; likewise, model (1, 1, 2) is an optimal model to predict the monthly
price of Wet Cocoa beans.
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Table 7. Auto correlation and Partial autocorrelation values for residuals of models(1, 1, 0) and (1, 1, 2).

Residuals of D. Dry Cocoa Price Series Model (1, 1, 0)
Estimates Residuals of Wet Cocoa Price Series Model (1, 1, 2) Estimates

AC PAC Q-Stat Prob AC PAC Q-Stat Prob

−0.013 −0.013 0.0223 −0.033 −0.033 0.1463
0.065 0.065 0.5893 0.443 −0.014 −0.015 0.1734
0.004 0.005 0.5912 0.744 0.056 0.055 0.6088 0.435
−0.028 −0.033 0.7017 0.873 −0.053 −0.05 0.9998 0.607
0.065 0.064 1.2772 0.865 0.027 0.025 1.1005 0.777
−0.068 −0.063 1.9186 0.86 0.031 0.028 1.2324 0.873
0.117 0.11 3.8577 0.696 0.001 0.01 1.2326 0.942
−0.045 −0.038 4.1413 0.763 0.054 0.05 1.6411 0.95
0.032 0.023 4.29 0.83 −0.002 0.001 1.6416 0.977
−0.2 −0.21 10.066 0.345 0.017 0.02 1.6836 0.989
0.047 0.066 10.385 0.407 0.086 0.082 2.7638 0.973
0.009 0.006 10.396 0.495 0.11 0.122 4.5592 0.919
0.003 0.029 10.397 0.581 0.136 0.148 7.3286 0.772
0.011 −0.032 10.417 0.66 0.074 0.087 8.1411 0.774
−0.119 −0.082 12.55 0.562 −0.014 −0.002 8.1726 0.832
−0.016 −0.06 12.591 0.634 −0.049 −0.057 8.5437 0.859
−0.029 0.043 12.716 0.693 −0.018 −0.029 8.5945 0.898
0.024 0.005 12.808 0.749 0.007 −0.006 8.6015 0.929
−0.019 −0.01 12.863 0.8 −0.002 −0.022 8.6024 0.952
0.012 −0.033 12.884 0.844 −0.014 −0.039 8.6348 0.968
0.036 0.057 13.09 0.873 0.036 0.014 8.8452 0.976
−0.073 −0.062 13.949 0.872 0.096 0.088 10.335 0.962
−0.008 −0.001 13.96 0.903 0.083 0.082 11.46 0.953
−0.058 −0.063 14.517 0.911 0.089 0.073 12.757 0.94

Source: Authors computations using E Views package.

7. VAR Model

The vector auto regressive methodology begins with identifying the optimal lag order.
The Akaike information criterion (AIC), Schwarz information criterion (SC), and Hannan–
Quinn information criterion (HQ) are used to decide on the optimal lag order for the VAR
model. The AIC, SC, and HQ values are presented in Table 8. The AIC identified lag order 2
as the optimal lag, and SC– and HQ (majority) criterions notified lag order 1 as the optimal
lag. Hence, lag order 1 is considered as the optimal lag order for the proposed VAR.

Table 8. VAR lag order selection criteria.

Lag AIC SC HQ

0 8.43 8.52 8.47
1 5.25 5.71 * 5.44 *
2 5.14 * 5.96 5.47
3 5.29 6.49 5.78
4 5.39 6.96 6.03

Source: Authors computations using E Views package. Optimum number of lag is indicated by *.

This multivariate VAR has four endogenous variables and the optimal lag order is one.
Hence, each equation in the model will have (4 × 1 + exogenous intercept c = 1) regressors.
Table 9 presents the regression estimate coefficients with standard error, t-statistics, and
probability values.
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Table 9. VAR (1) regression estimations.

Other
Variable

Dry Cocoa
Beans Prob. Other

Variable
Wet Cocoa

Beans Prob

US Cocoa
futures (−1)

0.108
0.04

US Cocoa
futures (−1)

−0.047
0.4390.053 0.088

[2.033] [−0.534]

Dry Cocoa
Beans (−1)

0.149
0.50

Dry Cocoa
Beans (−1)

0.128
0.570.085 0.167

[1.747] [0.769]

London
Cocoa

futures (−1)

0.171
0.0

London
Cocoa

futures (−1)

0.112
0.7470.058 0.098

[2.867] [1.137]

Wet Cocoa
Beans (−1)

−0.002
0.09

Wet Cocoa
Beans (−1)

0.379
0−0.032 0.097

[−2.26] [3.919]

C
0.0049

0.01 C
0.002

0.880.004 0.007
[1.219] 0.268

Source: Authors computations using E Views package.

With four endogenous variables, this VAR (1) model has estimated 25 coefficients, 10
of 25 are presented in Table 8. Our interest is to examine the linkage between the Indian
Cocoa market with ICE Cocoa futures. Hence, only the estimates for the Wet and Dry Cocoa
series are presented in the above table. The estimates highlighted in bold are statistically
significant with a 95% confidence level. The coefficients with the first lag of US Cocoa
futures, London Cocoa futures, and Wet Cocoa price are significant for the Dry Cocoa price
series. This confirms that the ICE traded US and London Cocoa futures price will influence
the price of Dry Cocoa in India. This finding is similar to the findings of (Jumah and Kunst
2001) and (Sahay et al. 2002). They found the linkage of the currencies, US Dollar and
Pound Sterling, with Cocoa prices in the international market. They justify that the trade of
US Cocoa futures and London Cocoa futures in the ICE platform are the primary reasons
for such a linkage. However, the Wet Cocoa beans price in India is not affected by the ICE
Cocoa futures. The first lag of its own series is statistically significant for Wet Cocoa prices.
The changes in the international Cocoa price will be corrected in the Indian Dry Cocoa
market. The equation given by the VAR system to forecast the price of Cocoa prices in India
is shown in Equation (8)

DryBeansPrice = C(6)×USCococFutures(−1) + C(7)× DryBeansPrice(−1)
+C(8)×WetBeansPrice(−1) + C(9)× LondonCocoaFutures(−1) + C(10)

(8)

In Equation (8) coefficients C(7), C(8), and C(10) are not statistically significant. Hence,
Equation (8) is represented as Equation (9) by substituting the actual significant coefficients.

DryBeansPrice = 0.108×USCococFutures(−1) + 0.171× LondonCocoaFutures(−1) (9)

To understand the goodness of fit of the estimated VAR equations, the fitness summary
is presented in Table 10. The R2 in Table 5 indicates the goodness of fit; this value is 14% for
dry Cocoa beans and 84% for wet Cocoa beans. These statistical values imply the proportion
of variance in dry and wet Cocoa returns that can be explained by our coefficients. The
Durbin–Watson statistic was used to test whether the residual series of the estimated VAR
models were serially correlated, and the test value of dry Cocoa beans was close to two,
which indicates that the residuals in the series were free from autocorrelation. Hence, the
estimated model for dry Cocoa beans is a good fit; this model can be used for the short-term
prediction of dry Cocoa beans in India.
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Table 10. Fitness summary for the estimated VAR equations.

Statistic US Cocoa
Futures

Dry Cocoa
Beans

London Cocoa
Futures

Wet Cocoa
Beans

R-squared 0.19 0.14 0.74 0.84
Adj. R-squared 0.16 0.11 0.73 0.84
S.E. equation 0.07 0.05 0.04 393.17

Durbin–Watson stat 1.87 2.08 2.20 1.60
Mean dependent 0.00 0.01 0.00 4783.27
S.D. dependent 0.08 0.05 0.07 970.46

The response of dry Cocoa beans returns to a unit shock in the US and London Cocoa
futures is shown in Figure 5. The red lines are 95% confidence intervals and the blue line
indicates the impulse response function. The response of dry Cocoa beans returns for
the US Cocoa futures shock are sharp and positive at the beginning, stabilize and sharp
decrease until the fifth lag, and then they die off after the sixth lag. The response for London
Cocoa futures shock is also sharp positive in the beginning, followed by a steady decline
till the fifth lag, and then it dies off thereafter.
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The market-based tools such as futures or options will help in price discovery and
price locking. The price of any commodity is the function of demand and supply for that
commodity in the market. Price discovery is the primary function of market-based risk
management tools such as futures and options (Chng 2004). In the futures market, as a
commodity will be traded for future delivery, and as the trading happens from all parts of
the nation, the traders perform all the possible analyses before they lock the price. Hence,
the futures quote can become a good price forecast for any underlying circumstance. A
study by Malhotra and Corelli (2021) proved that in the EURO/USD futures market, regular
futures contributes 65% to price discovery. The e-auction helps in the price discovery of
Cardamom in the Indian Market (Vijayakumar 2021).

In the absence of such predictions and hedging tools, the econometric prediction
models will help in price risk management. Forecasting the price for a commodity is an
integral part of price risk management. The Box–Jenkins ARIMA model assumes that
the future values are the functions of past data; in particular, this methodology uses past
terms of AR and MA to predict the future prices. This is proved by the empirical studies
of (Fattah et al. 2018; Mishra et al. 2019). Many studies have appeared so far concerning
the application of time series models to develop the price prediction models for different
agricultural commodities. The same is discussed in the literature review section of this
study. If the price determinant variables are available, in such cases, multivariate models
can be applied to understand the linkage between two or many markets and to develop
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the price prediction models. This study has developed a univariate ARIMA model and
a multivariate model VAR to forecast the price of Wet and Dry Cocoa beans in India.
This study can be extended using multivariate time series models, and alternative price
risk management strategies can be developed. As the direct futures are not available for
commodity cocoa, cross hedges with other related futures can be examined.

8. Conclusions

The volatile business and agricultural market demand proper price risk management
strategies. In this context, this study has developed two ARIMA models and one VAR
model to predict the monthly prices for two varieties of Cocoa using Box and Jenkins
methodology. Based on the Akaike information criterion (AIC) and Schwarz criterion
(SBIC), volatility, and adjusted R2, the optimal AR and MA terms are identified for the
models. Based on the above criteria, the models selected are ARIMA (1, 1, 0) and ARIMA
(1, 1, 2) for Dry Cocoa price and Wet Cocoa price, respectively. The correlograms of the
residuals proved that the model is fit to use for prediction. The VAR (1) system produced
significant coefficients only for Dry Cocoa beans. The VAR system proved that the US
and London Cocoa Futures traded on the ICE platform are the price determinants of Dry
Cocoa beans in the Indian market. Jayasekhar and Ndung (2018) stated that the Cocoa price
in India is the function of price in the world market; this is evident from the developed
VAR model.

This study will contribute to the existing literature on price risk management for
commodity Cocoa in India. The models developed can be used by the Cocoa trading
entities, growers, industrial users, and government authorities for timely planning and
to take managerial decisions. As Cocoa futures are not traded in India, the cooperatives,
traders, and manufacturers can trade with futures of ICE. The cooperatives and authorities
can suggest the use of ICE futures to hedge the price risk of Cacao in India. The developed
models help to discover the price of commodity Cocoa, which helps the farmer to decide
on the selling decision and traders and industrial buyers on the buying decision. If one can
anticipate the price, then one can decide on the buy or sell decision based on the predicted
future price. This, in turn, helps the stakeholders to manage the price risk in the absence of
derivative products such as futures and options.
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