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ABSTRACT

ver the past two decades, Nigeria has experienced a

significant rise in the price level of farm produce, attributed

to political instability and government policies. In the field of

economic research, ARIMA, ARCH, and GARCH models have

been traditionally employed to model the volatility of farm
produce inflation in Nigeria. However, a comparative analysis examining
the modeling capacities of GARCH, TS-GARCH, and GJK-GARCH has not
been conducted, which this paper aims to address. The objective is to
identify which among these three models most effectively captures the
volatility in farm produce inflation in Nigeria. This study focuses on
comparing the modeling capabilities of Symmetric GARCH (Generalized
Autoregressive Conditional Heteroskedasticity) and Asymmetric GARCH
models for farm produce inflation in Nigeria. We employed GARCH (1,1),
TS-GARCH (Threshold GARCH) (1,1), and GJK-GARCH (Glosten-
Jagannathan-Runkle GARCH) (1,1) models to model the volatility of major
crops using time series data from 2009 to 2022. The Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) were utilized as
metrics to assess the performance of these models, with the model
demonstrating the lowest AIC and BIC values considered the most
effective. The findings indicated that Asymmetric GARCH models, which
account for the possibility that positive and negative shocks to financial
markets have different effects on volatility, outperformed the Symmetric
GARCH model. Among the three models analyzed, the TS-GARCH model
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emerged as the most accurate for modeling farm produce inflation in
Nigeria. This conclusion underscores the importance of incorporating
asymmetries in the volatility modeling of agricultural commodity prices,
providing valuable insights for policymakers, investors, and researchers
concerned with agricultural economics in Nigeria.

Keywords: GARCH, TS-GARCH, GJK-GARCH, Farm Produce, Inflation,
Volatility

INTRODUCTION

IGI Global characterizes farm produce as raw agricultural products derived
from farming activities, including vegetables, fruits, flowers, and livestock
intended for human consumption. The issue of rising food prices has
emerged as a significant concern for governments in many developing
countries. In nations like Nigeria, where poverty rates are high, the
escalating cost of food exacerbates the poverty situation (Nzeh et al.,
2023). Modeling farm produce inflation is crucial for farmers and
agricultural policymakers to enhance production planning decisions. Farm
produce frequently experiences price fluctuations, a phenomenon
observed by various researchers (Antwi et al., 2021; Kumari et al., 2019;
Nigatu & Adjemian, 2020; Nugroho et al., 2018). Von Braun and Tadesse
(2012) in Lestari et al., (2022) noted that natural factors often cause
agricultural commodity prices to fluctuate.

Volatility refers to rapid price changes within a specific year (Rauch et al.,
2019). Omotosho and Doguwa (2013) in Ogenyi and Umeh (2019)
mentioned that, in statistical terms, volatility is often referred to as
variance, measuring the dispersion of a random variable from its mean
value. Therefore, inflation volatility concerns the fluctuation or instability in
a selected inflation measure, with the timing of volatility being
unpredictable (Wang et al., 2019; Yip et al., 2020). Price fluctuations can
have a positive impact on inflation (Babihuga & Gelos, 2015), with larger
changes potentially increasing price volatility. The greater the volatility,
the higher the uncertainty regarding future prices (Fameliti & Skintzi, 2022;
He & Serra, 2022). Pilbeam et al. (2015) in Youssef and Rowen (2021)
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described volatility as the standard deviation or variance of the returns of
an asset over a specific period. Brooks (2014) in Nybo (2020) stated that
volatility data exhibit non-linear characteristics such as leptokurtosis,
clustering, and leverage effects, defining leptokurtosis as the increased
likelihood of volatility data containing extreme outliers. Volatility clustering
indicates the tendency for large changes in asset returns to be followed by
more substantial changes, while the leverage effect describes how
negative price movements result in higher volatility compared to an
equivalent positive movement.

Modeling volatility has become an important research area in recent years,
typically employing analytical and historical approaches. The analytical
method assumes a distribution, whereas the historical approach deals with
the empirical distribution of past information (Njagi H. et al., 2018). Many
agricultural commodity price data are inherently noisy and volatile,
responding quickly to actual and perceived changes in supply and
demand conditions, with weather-induced fluctuations in farm production
exacerbating the situation. To address volatility, the Autoregressive
Conditional Heteroscedastic (ARCH) model proposed by Engle (1982) has
become popular. Bollerslev (1986) generalized this model into the
Generalized ARCH (GARCH) model for a more parsimonious
representation of ARCH (Achal et al., 2015). The GARCH model, a statistical
model for modeling volatility in time series data, is a type of
autoregressive model that accommodates time-varying variance, thus
known as variance function models. Standard GARCH models are
symmetric, only modeling scenarios where effects of high and low
volatility on farm produce inflation are the same. Over time, asymmetric
GARCH models, such as Exponential GARCH (E-GARCH), Glosten
Jagannathan and Runkle GARCH (GJK-GARCH), TS-GARCH, and T-GARCH,
have been developed to address volatility in farm produce inflation more
effectively. This paper is organized as follows: section 2 reviews previous
literature; section 3 discusses the methodology; section 4 presents the
general results, and section 5 concludes the paper.
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LITERATURE REVIEW

Autoregressive Conditional Heteroscedasticity (ARCH) and Generalized
Autoregressive Conditional Heteroscedasticity (GARCH) models have
been instrumental in many studies aiming to estimate farm produce
inflation. Engle introduced the ARCH model in 1982, which was later
generalized by Bollerslev in 1986. Lim and Sek (2013) mentioned that
several extensions of these models have been proposed to enhance the
estimation of volatility. Among these GARCH variants are GARCH-M,
IGARCH, EGARCH, Threshold GARCH, Asymmetric GARCH (AGARCH), TS-
GARCH, and Fractionally Integrated GARCH (FIGARCH).

A substantial body of literature has focused on using the GARCH model to
analyze volatility in food, agricultural products, or farm produce. Ogenyi
and Umeh (2019) employed the ARCH and GARCH models to analyze the
determinants of inflation volatility in Nigeria from 1980 to 2010. Their
findings indicated that variables such as past inflation, Gross Domestic
Product (GDP), government expenditure, government debt stock, imports,
exports, and exchange rates contributed to inflation volatility during the
study period. Conversely, unemployment and interest rates from previous
years were found to significantly reduce inflation volatility in Nigeria.

Ajibade et al. (2020) measured the volatility in prices of staple foods using
the GARCH approach and explored the driving factors behind this
volatility from 1970 to 2019. Their analysis revealed persistent volatility in
food prices throughout the study period, identifying insurgency, political
stability in neighboring countries, trade liberalization, GDP per capita,
inflation rate, government effectiveness, crop production, crude oil prices,
and exchange rate as key factors influencing food commodity price
volatility.

Manasseh et al. (2016) investigated volatility and commodity price
dynamics in Nigeria using the GARCH and exponential GARCH models.
They also explored the causality direction between domestic commodity
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prices and the spot price of commodity derivatives. The findings showed
that 30% of the volatility in the international commodity market could be
explained by the volatility in domestic and international export commodity
prices, while international oil spot prices accounted for 7% of the volatility
in locally consumed goods and export commodity price index explained
16% of the spot price of international commodities between 2000 and
2013 in Nigeria.

Nasution et al. (2021) in Lestari et al. (2022) observed that certain farm
produce, such as chili, are susceptible to volatility similar to currencies.
Pilbeam and Langeland (2015) highlighted that despite the extensive
literature on volatility forecasting, the determination of the optimal model
remains an open question. This ongoing debate underscores the
complexity of modeling economic and financial volatility and the necessity
for continued research to refine these models for more accurate
predictions.

METHODOLOGY

Research Design

The GARCH (Generalized Autoregressive Conditional Heteroscedasticity),
GJK-GARCH (Glosten-Jagannathan-Runkle GARCH), and TS-GARCH
(Taylor-Schwert GARCH) models were utilized to analyze and model the
volatility of farm produce inflation in Nigeria.

Standard Garch-Type Model

The GARCH model, an extension of the ARCH (Autoregressive Conditional
Heteroscedasticity) model, provides a comprehensive framework for
modeling the changing variance, or volatility, observed in time series data.
It presents a more parsimonious approach compared to the higher orders
of ARCH models, which may lead to redundancy of variables or
multicollinearity. The GARCH (p, q) model is generally given by:

p q
0'2t = w+2ai 82t_i +Z,Bj azt_j @
=1 =1
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The GARCH (1,1) model is the most commonly used. The form of GARCH

(1,7) model is given by:

ol = w+a; 5+ 07 2

In order to have a positive variance every time, the following restrictions
are imposed: ao > O, and oy, B1 > O. Also, for a good model ar + B1 < 1 in

order to have a decaying variance.

Asymmetric Garch Models

While the standard GARCH model effectively captures volatility clustering
and heavy-tailed distributions, its symmetric distribution fails to account
for the leverage effect, where negative and positive market movements
have different impacts on volatility. To address this limitation, several
asymmetric GARCH models have been proposed, including the Taylor-
Schwert GARCH (TS-GARCH) model and the Glosten-Jagannathan-Runkle
(GJR-GARCH) model, which are considered in this paper.

Taylor-Schwert Garch (TS-GARCH)

The TS-GARCH model specifically addresses the asymmetry in volatility
responses and was developed by Taylor and Schwert in 1986 to overcome
three primary shortcomings of the symmetric GARCH model. These
include its insensitivity to the asymmetric response of volatility, the
parameter restrictions needed to ensure the positivity of conditional
variance, and challenges in measuring persistence in stationary time
series. The TS-GARCH (1,1) models the time-varying standard deviation:

Oy = a)+a1|8t71|+/81 O (©))

Glosten-Jagannathan-Runkle Garch Model (GJR-GARCH)

The GJR-GARCH model, proposed by Glosten, Jagannathan, and Runkle,
incorporates the leverage effect based on the state of past innovations.
The GJR-GARCH (1,1) model, while resembling the T-GARCH (1,1),
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distinctively models time-varying variances. The volatility equation of the
GJR-GARCH (1,1) model is structured to reflect this characteristic.

0_21 = o+ algzt—l + 71‘92t71 (N /810_2&1 4)
where,

o= o0

Model Selection Methods

The model selection methods used in this paper are discussed as follows:

The Akaike Information Criterion (AIC)

The Akaike Information Criterion (AIC), developed by Akaike in 1974, is a
statistical method designed to evaluate the adequacy of a model in fitting
the data it was derived from. In the realm of statistics, AIC is utilized to
compare various models to ascertain which one best fits the data. AIC
calculates the best-fit model as the one that explains the most variance
with the least number of independent variables. It gauges the relative
informational value of a model by combining the maximum likelihood
estimate (how accurately the model replicates the data) with the number
of parameters (independent variables) the model incorporates. The
formula for AIC is:

AIC =2K —2In(L) (5)

The AIC formula is influenced by the number of independent variables
used (K) and the log-likelihood estimate (L), indicating the model's
likelihood of producing the observed y-values. According to Bevans
(2020), the default value of K is always 2, adjusting upwards based on the
number of independent variables employed in the model.

Bayesian Information Criterion (BIC)

The Bayesian Information Criterion (BIC), introduced by Schwarz in 1978,
serves as a model selection criterion among a finite set of models,
favoring the model with the lowest BIC. Like AIC, BIC is partly founded on
the likelihood function and bears similarities to the Akaike information
criterion. Adding parameters to a model can increase its likelihood, but
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may also lead to overfitting. BIC and AIC address this issue by
incorporating a penalty for the number of parameters within the model,
with BIC imposing a stricter penalty than AIC (Bhat and Kumar, 2010).

The BIC is formally defined as

BIC =—2In(L) + kin(n) (6)

where

L = the maximized value of the likelihood function of the model M

n = the sample size;

k = the number of free parameters to be estimated.

If the model under consideration is a linear regression, k represents the
number of regressors, including the intercept, as noted by Findley (1991).
The objective in model selection processes is to minimize either the AIC or
BIC values. Generally, larger models will provide a better fit, reflected by
smaller Residual Sum of Squares (RSS), but they also incorporate more
parameters. Therefore, the optimal model selection seeks to balance the
goodness of fit with the size of the model. The BIC tends to penalize larger
models more severely compared to the AIC, often leading to a preference
for smaller models when using BIC for model selection. Both AIC and BIC
are versatile and can be employed as selection criteria across various
model types. These criteria do not assess the AIC or BIC for every
conceivable model but instead rely on a search method that sequentially
compares models for the best fit (Faraway, 1994).

Hannan-Quinn Information Criterion

The Hannan-Quinn Information Criterion (HQIC) serves as an alternative
criterion for model selection, alongside the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC). The HQIC offers a balance
between the AIC's tendency to prefer more complex models and the BIC's
inclination towards simpler models. It is calculated using a formula that,
similar to AIC and BIC, includes a penalty for the number of parameters in
the model but with a different penalty term size. The HQIC is particularly
useful in situations where the sample size is moderate to large, providing a
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compromise between the likelihood of the model and the complexity of
the model in terms of parameter count. The HQIC is less commonly used
than AIC and BIC but offers a valuable alternative perspective in model
selection, especially in econometric and time series analysis contexts. It is
given as

HQIC=-2L_, + 2kIn(In(n)) (7)
where,

Lmax = the log-likelihood,
k = the number of parameters, and
n = the number of observations.

DATA COLLECTION AND ANALYSIS

Source of Data

The data for this research was sourced from the Nigeria National Bureau of
Statistics (NBS), specifically recorded monthly figures on inflation for All
items index excluding farm produce, spanning from 2009 to 2022. This
secondary data was extracted from the CPI_REPORT_NOV_2022 published
by the National Bureau of Statistics.

ARCH Effect Identification

The initial analysis of the study aimed to ascertain the stationarity of the
data and to detect the presence of Autoregressive Conditional
Heteroskedasticity (ARCH) effects. The ARCH effect indicates the
presence of heteroskedasticity within the dataset and can be identified by
analyzing the p-value from the test for the ARCH effect. An ARCH effect is
considered present if the p-value is less than 0.05 (Kumari et al., 2019).
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Results and Analysis

Stationary Tests before Differencing
Graph of Series before Differencing
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Figure 6.1: Time plot of the series before differencing

The time plot of the series provided an initial indication of the
characteristics of the Farm Produce time series. Throughout the study
period, the Farm Produce exhibited an increasing trend, characterized by
fluctuations, suggesting that the mean of the Farm Produce has been
changing over time in Nigeria. Therefore, the series is identified as non-
stationary.
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Unit Root Tests before Differencing
ADF TEST Ho: There is Unit root (the series is not stationary)
Table 6.1: ADF tests before Differencing

TEST Test Statistics P-Value
Without constant 4.22971 1.000
With constant 5.40135 1.000

KPSS TEST Ho: The series is stationary.
Table 6.2: KPSS tests before Differencing

Test Test Statistics Critical Value
With Trend 2.62065 5% (0.148)
Without trend 0.776412 5%(0.462)

A formal application of the Augmented Dickey-Fuller and KPSS unit root
tests are shown in the tables above. Since p-value > 0.05 for the
Augmented Dickey-Fuller and the test statistics are greater than the
p/critical values at some levels for the KPSS test, it means that the Farm
Produce series is not stationary.

Since the Farm Produce time series is not stationary, we have to make it
stationary before we can apply the GARCH methodology. We do this by
differencing the series.
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Stationary Tests after First Differencing

Graph of Series after First Differencing
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Figure 6.2: Time plot of the series after first differencing

Unit Root Tests After First Differencing
ADF Test: Ho There is Unit root (the series is not stationary)

Table 6.3: ADF Tests after first Differencing

TEST Test Statistics P-Value
Without constant 4.22971 2.856e-007
With constant 0.178177 0.9713
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KPSS Tests: Ho: The series is stationary

Table 6.4: KPSS Tests after first Differencing

Test Test Statistics Critical Value
With trend 0.242302 5% (0.148)
Without trend 1.98742 5% (0.462)

With first differencing of the series, ADF test p-value > 0.05, it is clear that
the series is not yet stationary. Hence there is need to have the second

difference of the series.

Stationary Tests after Second Differencing
Graph of Series after second Differencing
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Figure 6.3: Time plot of the series after second differencing
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Figure 6.3, which displays the second difference of the Farm Produce
series, does not exhibit any trend, suggesting that the second-differenced
Farm Produce series might be stationary. This hypothesis is further
explored through the formal application of the Augmented Dickey-Fuller
(ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root tests.

Unit Root Tests after second Differencing

ADF Test: Ho There is Unit root (the series is not stationary)
Table 6.5: ADF Tests after second differencing

TEST Test Statistics P-Value
Without constant -7.13183 1.024e-009
With constant -6.95539 4.365e-010

KPSS Tests: Ho: The series is stationary

Table 6.6: KPSS Tests after second Differencing

Test Test Statistics Critical Value
With trend 0.0159384 5% (0.148)
Without trend 0.0417673 5% (0.462)

The outcomes of the ADF tests, indicated by test statistics falling below
the critical regions, lead to the rejection of the null hypothesis. Thus, it is
concluded that the time series is stationary, meaning it does not contain a
unit root or a stochastic trend. Similarly, the KPSS tests show that all test
statistics are below the critical value, allowing us to conclude that the data
series has achieved stationarity around a deterministic trend.
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Checking for Volatility Clustering
The graph resulting from the second differencing, as shown in Figure 6.3,
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reveals the presence of volatility clustering, where periods of high
volatility are followed by a return to lower volatility levels. This pattern

indicates that the fluctuations in the series are not random but exhibit

persistence in their volatility.

Test for ARCH effect
Table 6.7: Test for ARCH of order 12

Parameters Coefficient Std. Error t-ratio P-value
alpha(0) 0.300467 0.211256 1.422 0.1572
alpha(1) 0.472451 0.0865286 5.460 2.09e-07 ***
alpha(2) -0.183953 0.0948067 -1.940 0.0543 *
alpha(3) 0.152413 0.0958154 1.591 0.1139
alpha(4) -0.058652 0.0971423 -0.6038 0.5470
alpha(5) 0.167946 0.0979605 1.714 0.0886 *
alpha(6) -0.07981 0.0987765 -0.8080 0.4205
alpha(7) 0.0942218 0.0991628 0.9502 0.3437
alpha(8) -0.0483304 0.100599 -0.4804 0.6317
alpha(9) 0.0720543 0.102321 0.7042 0.4825
alpha(10) 0.0382920 0.103001 0.3718 0.7106
alpha(11) 0.143774 0.101875 1.41 0.1604
alpha(12) 0.00689464 0.0926666 0.07440 0.9408

Null hypothesis: no ARCH effect is present
Test statistic: LM = 39.9271
With p-value = P (Chi-square (12) > 39.9271) = 7.39394e-005

There is ARCH effect since p-value = 7.39394e-005 < 0.05. Presence of
ARCH effect means that we can apply GARCH models.
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GARCH Model Identification and Selection
Table 6.8: Result of GARCH model selection for the Farm Produce

Model AIC SIC HQC

GARCH (1,1) 241.295 252.478 245.900
TS-GARCH (1,1) 238.670 249.753 243.170
GJR-GARCH (1,1) 240.217 254.070 245.842

The above table shows the three models with their AIC, SIC and HQC. The
best model among them is TS-GARCH (1,1) model because it has the

minimum AIC, SIC and HQC.

TS-GARCH (1,1) Model Estimation

After the best model has been chosen, the parameters of the model were
estimated. The results of this estimate are revealed in the table below:
Table 6.9: Result of TS-GARCH (1,1) model estimation for the Farm Produce

Parameters Coefficient Std. Error Z
Constant 0.0307300 0.0623562 0.4928
Omega 0.0631601 0.0496287 1.273
Alpha 0.489208 0.163314 2.995
beta 0.589514 0.137029 4.302

Conditional variance equation

CONCLUSION

Through the analysis conducted, the steps of the GARCH Methodology

were meticulously followed. After differencing the Farm Produce data

once, it remained non-stationary, as confirmed by formal Augmented

Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests.

Proceeding to the second difference, the results of the ADF tests—
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showing test statistics below the critical values (p-value < 0.05)—led to the
rejection of the null hypothesis. Thus, it was concluded that the time series
is stationary, exhibiting no trends, seasonal variations, or hidden patterns,
and lacks a stochastic trend, potentially suggesting a deterministic trend
instead. In the KPSS tests, with test statistics falling below the critical
values, the null hypothesis was accepted, indicating that the data series is
indeed stationary around a deterministic trend.

The comparison and modeling of the three models under review were
conducted using their Akaike Information Criterion (AIC), Schwarz
Information Criterion (SIC), and Hannan-Quinn Information Criterion
(HQC). This comparison aimed to select the best model, characterized by
the minimum values of AIC, SIC, and HQC. The TS-GARCH ARIMA (1,1)
model emerged as the most parsimonious and adequate model, featuring
the lowest AIC, SIC, and HQC values. Consequently, the conditional
variance equation of the TS-GARCH (1,1) model was derived to model the
volatility of farm produce inflation in Nigeria effectively.

This analysis underscores the importance of identifying the appropriate
model to accurately capture the volatility characteristics of farm produce
inflation. The selection of the TS-GARCH ARIMA (1,1) model reflects its
superior capacity to model the complex dynamics of farm produce
inflation, providing valuable insights for policymakers, economists, and
stakeholders within the agricultural sector.
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