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ABSTRACT

Despite the increasing demand and growth potential of Nigeria’s ginger production, the country has yet to fully harness the economic benefits of
expanding value addition and market diversification. This study aims to advance ginger supply forecasting by employing cutting-edge time-series
techniques to model and predict future ginger production while emphasizing credibility through uncertainty and probability estimates. Cointegration
analysis and the Vector Error Correction Model (VECM) were utilized to model the supply response, while Exponential Smoothing (ETS), ARIMA,
and Facebook Prophet models were employed to forecast ginger production over a 10-year horizon. The results revealed seven cointegrating
relationships, with all predictors being highly significant. Notably, disease prevalence and input usage had the highest long-run elasticities, at -93.96
and 15.74, respectively, while inflation was significant in the short run. The forecast results indicate a high probability of increased production, albeit
with greater uncertainty in the long term. Performance evaluation showed that the ARIMA (0,1,0) model outperformed other models with a Mean
Absolute Scaled Error (MASE) of 0.77. These findings underscore the need for effective planning and strategies to manage ginger supply and enhance
its production potential, thereby mitigating the risk of undersupply and market failure. Policymakers and stakeholders can utilize these forecasts to
develop short- and long-term strategies for optimizing ginger production.
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Introduction

Ginger (Zingiber officinale L.) is an erect perennial herb, notable
for its aromatic rhizomes and widespread use in culinary and
medicinal applications [1, 2]. Likely originating from India,
ginger has been cultivated across humid tropics, including Nigeria,
since the 16th century [3]. Global production of ginger has risen
significantly, from 167,025,200 kg in 2009 to 3,299,795 tonnes
in 2018, with the market valued at approximately USD 2.9 billion
in 2022 and projected to grow at a CAGR of 4.5% to reach USD
5-7 billion by 2028 [3-6].

As Africa’s largest producer and the world’s second-largest,
Nigeria accounts for about 16.95% of global ginger production [7].
The country cultivates ginger on over 84,156 hectares, with notable
varieties like yellow ginger (Tafin-Giwa) and black ginger (Yatsun-
Biri), contributing significantly to its non-oil export revenues [7,
8]. Despite this success, Nigeria faces challenges such as price
fluctuations, low yield per hectare, climatic uncertainties, and
fierce competition impacting its ability to fully capitalize on its
production potential [5].

The growing global demand for ginger, driven by increased
health consciousness and consumer preference, highlights the

need for advanced forecasting methods to address the supply-
demand gap and optimize production strategies. Supply response
is fundamental to an understanding of this mechanism [9]. Supply
response seeks to explain the behavior change of producers with
respect to the production, consumption and exchange decisions
for a certain product or a set of products arising from changes in
economic incentives [10, 11].

To the best of our knowledge, no research was carried out from
Nigeria on ginger supply response and with this methodology.
Thus, this research aims to advance ginger supply forecasting by
employing advanced time series techniques to model and forecast
future ginger production while highlighting their credibility
through uncertainty and probability estimates. By integrating
uncertainty with these techniques, we seek to enhance forecasting
accuracy, providing actionable insights for improving supply
chain management and policy planning for ginger production.
Additionally, incorporating maize price trends will offer a broader
economic context, contributing to more effective forecasting
strategies.

The main objective of this article is to study the supply response
of ginger and to investigate which forecasting methods offer the
best predictions with lower forecast errors and higher accuracy
of forecasts.
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Data and Analytical Techniques

Data for Case Studies

Time series data from 1983-2023 from Nigeria were used for the study. The data were sourced from various national and international
databases that were reliable for the study. The study involves the direct use of variables and where variables cannot be found a proxy
was introduced to represent the variable. All data was deemed adequate to estimate the ginger supply response. Inflation represents a
range of socio-economic factors affecting farmers and decisions such as opportunity cost to save and borrow money while Relative
humidity was used as a proxy variable for disease prevalence due to the correlation of humidity and disease prevalence in crops [12].
The agricultural Input index was used to represent historical data on factors used in the production of ginger. The variable and their
definitions are presented in Table 1 below.

Table 1: Description of Variables

Symbol | Variable Definition Unit Source
P Ginger Production Total Ginger Produced kiloton Faostat [13]
D Disease Disease Prevalence Percentage (World-Bank, [14]
1P Input Use Total Factors Used - Usda-ERS [15]
GR Precipitation/Rainfall Mean Annual Millimetre (World-Bank, [14]
Precipitation
GP Ginger Farm gate Price | Amount paid to Farmers Naira per Kilogram (Marcus, [16]
at the farm gate
C Domestic Consumption | National Annual Use of Kiloton Authors' Computation
Ginger
GX Ginger Exports Quantity exported Kiloton Faostat [13]
GI Ginger Imports Quantity imported Kiloton Faostat [13]
IF Inflation Consumer prices Index - (CPI and Inflation Report - Nigeria Data
Portal, [17]
MP Maize Price Amount paid to farmer' at | Thousand Naira per Tonne | Authors' Computation
the farm gate
GY Ginger yield Yield realized on a Farm | Kiloton Faostat [13]
T Temperature on Land Mean temperature on land | Celsius Degree Faostat [13]
GA Ginger Land Area Total land area allocated Thousand Hectare (Tha) Faostat [13]
to ginger cultivation

Source: Authors’ Compilation (2024)

Analytical Techniques

Exploratory Data Analysis

To get initial insights on the data and to ensure data was suitable
for analysis and forecasting. Exploratory analysis involving
computation of means, minimum and maximum were employed.
Skewness was evaluated for each variable to assess the symmetry
of their distribution. Variables with high skewness were log-
transformed to approximate normality, improving the assumptions
for subsequent modelling. Additionally, multicollinearity among
the predictors was tested using the Variance Inflation Factor (VIF).
Predictors with VIF values exceeding the threshold of 2 were
addressed to ensure model stability through removal. All values
were approximated to two (2) decimal places.

Unit Root Test

The main reason to conduct a unit root test is to acquire a
meaningful, valid, and non-spurious regression. For this study,
the Phillips-Perron (PP) test for stationarity was used. The PP
tests treat serial correlation in the test regressions by using non-
parametric corrections based on estimates of the long-run variance.
The main distinction between the ADF and PP tests lies in their
treatment of any “nuisance” serial correlation of which the PP
test tends to be more robust to a wide range of serial correlations
and time-dependent heteroskedasticity [18].

The general equation and hypothesis for the PP test are as follows:
Null Hypothesis: Ho: y=0: The series has a unit root (i.e., the

series is non-stationary)

AY( =ot Bt + "{le + &t

Where: Yt is the time series being tested; AYt is the first difference
of the time series (AYt=Yt- Yt-1); o is a constant (drift term); Bt
represents a time trend (optional); Yt-1 is the lagged level of the
time series; v is the coefficient of interest measuring the presence
of a unit root; £t is the error term.

Short-Run and Long-Run Supply Elasticities

The presence of cointegration is required for applying VECM
to model short and long-run supply elasticities. Cointegration
indicates a balance between the model’s variables in the long
run. Johansen’s cointegration test implies the estimation of an
autoregressive vector model, known as VAR, including values at
levels as well as differences of non-stationary variables. At this
stage, a VAR model is configured to determine the optimal lag
length, and the SIC - Schwarz information criterion is applied to
optimize lag lengths for the time series. The Johansen test equation
is described as follows:

dXt=1ldXt-1+.......... tk-1 dXt-k+1 nXt-K + ¢

Where ¢ is the random variable, m and pie demonstrate the OLS
parameter matrices; mXt-K examines the linear combinations of
levels of Xt and the matrix pi has the information about terms
properties.
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The Johansen method allows for all possible co-integrating
relationships and the number of co-integrating vectors to be
determined empirically. Therefore, based on trace statistics
and max-eigen statistics the rejection of the null hypothesis is
necessary with a significance level of 5% for the confirmation of
long-term cointegration between the model variables.

Second, suppose the null for no co-integration is rejected. In that
case, the lagged residual from the co-integrating regression is
imposed as the error correction term in a vector error correction
model (VECM). A VECM model for the study is shown below:
APt = T1APt-1 + TI2ATt-1 + T3AGPt-1 + T:AGRt-1 + I'sADt-1
+ I'eAGXt-1 + I'7AGIt-1 + TsAIFt-1 + ToAIPt-1 + T'oAMPt-1 +
ai(BiPt-1 + B2Tt-1 + BsGPt-1 + BaGRt-1 + BsDt-1 + BeGXt-1 +
B7GlIt-1 + BsIFt-1 + BoIPt-1 + B1oMPt-1) + &t

Where: The first part involving I" captures the short-run adjustments
or the short-run supply elasticities in the first differences of the
variables; B1,2,3...10 are the long-run coefficients in the cointegrating
vector, describing the equilibrium relationship and these represent
the long-run supply elasticities; o is the speed of adjustment,
indicating how fast the system corrects any deviation from the
long-run equilibrium; &t is the stochastic error term assumed to
be independently and normally distributed with zero mean and
constant variance.

Forecasting Techniques

ETS Model

The state-space model of the ETS method allows for a flexible
treatment of error, trend, and seasonal components, adapting
the weights dynamically based on the underlying data patterns.
The forecast was made considering a weighted average of past
observations where the succeeding observations are exponentially
given more weight than earlier preceding ones [19]. The
possibilities for each component are Error = (A, M), Trend =
(N, A, Ad), and Seasonal = (N, A, M). The letters A, M, N, and
Ad refer to additive, multiplicative, none, and additive damped,
respectively [20]. For instance, the ETS (A, A, M) was the method
with the additive trend, multiplicative seasonality, and additive
errors [21, 23]. By using the state-space structure, the optimal
exponential smoothing model could be determined. According
to the model-building algorithm from the “forecast” package,
the ets function was utilized to determine the final ETS model,
defined as the model with the lowest AICc value among models
developed from 30 iterative choices [23-25].

ARIMA Model

ARIMA is a generalized model of Autoregressive Moving Average
(ARMA) that combines Autoregressive (AR) process and Moving
Average (MA) processes and builds a composite model of the
time series [26]. While the AR uses the dependencies between
an observation and several lagged observations. The I, integrated
by measuring the differences in observations at different times

makes the series stationary. The Moving Average considers the
dependency between observations and the residual error terms
when a moving average model is used for the lagged observations.

The forecasting equation for this study is given by:

yt+h = 6 + eiyt+h-1 + @2yt+h-2 + ... + opytth-p + 6:et+h-1 +
026t+h-2 + ... + Oqetth-q

Where: yt is the value of the time series at time t; d is the drift term;
01, ©2, ... op are coefficients for the AR terms; 01, 02, ... 0q are
coefficients for MA terms; &t is the white noise at each time t; p is
the number of AR terms (autoregressive order); q is the number of
MA terms (moving average order); d is the number of differences
or integrated order, I; yt-+h is the forecast for h steps ahead.

Prophet Model

Prophet is an open-source time-series forecasting library
developed by Facebook composed of three key components. The
first component is called trend and is used to describe the trend
in the time series data. The second component is seasonality and
the third component is holidays.

According to the forecasting equation for the model is given by
[27]:

J(t+h) = g(t+h) + s(t+h) + h(t+h)

Where y(t+h) is composed of predicted trend g(t+h), seasonal
s(tth) and holiday effect.

Uncertainty and Model Performance

Monte Carlo simulations and error metrics were employed to
evaluate both the uncertainty and accuracy of the forecast models.
Monte Carlo Simulation is a mathematical technique used to
estimate potential outcomes of uncertain events by simulating
random sampling from a probability distribution [28]. This
approach allows for exploring a wide range of possible future
results by generating multiple iterations of the forecast using
random inputs.

For this study, the Monte Carlo simulation was repeated 1,000
times, producing many possible outcomes for each model.
Each iteration is randomly sampled from the range of values
between the minimum and maximum uncertainty bounds. From
these simulations, the mean, 2.5%, and 97.5% percentiles of
the 95% confidence interval were computed. These results were
then compared with the point forecasts of each model to better
understand the uncertainty surrounding the predictions.

To measure the accuracy of the models, various error metrics were
calculated, including: (i) Root Mean Squared Error (RMSE): to
measure the average magnitude of the errors; (i) Mean Absolute
Percentage Error (MAPE): to assess the percentage error between
forecasted and actual values; (iii) Mean Absolute Scaled Error
(MASE): to evaluate the accuracy of the forecast relative to a
naive model.
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Results and Discussion

Table 2: Exploratory Data Analysis

Variables Minimum Maximum Mean Skewness VIF score PP-test (Level)

Inference

P 3 834.63 232.37 1.246 - Accept HO
GY 5 94.09 27.74 0.979 7.100 Accept HO
T -0.36 1.53 0.8168 -0.579 1.353 Accept HO
GP 33.82 68.71 53.3724 0.162 1.429 Accept HO
GR 888.06 1296.78 1164.4146 -0.938 1.333 Accept HO
D 55.07 57.56 56.56 -0.446 1.640 Accept HO
GX 0.534 37.36 10.17 1.263 1.659 Accept HO
GI 0 2 0.34 2.52 1.306 Accept HO
IF -3.73 72.84 18.38 1.416 1.812 Accept HO
GA 6 191 100.12 0.006 6.695 Accept HO
1P 34 116 73.1366 0.206 1.596 Accept HO
MP 3.32 513.61 69.25 2.766 1.273 Accept HO
C 2.09 805.05 222.46 1.251 5.905 Accept HO

Source: Authors’ computation (2024) using SPSS software V.26

The result of the exploratory analysis indicates that all the variables were moderately collinear except Ginger yield, area, and domestic
consumption as such they were discarded due to their VIF scores above the threshold [29]. Also, the preliminary investigation of
the PP test resulted in all the variables being non-stationary which warrants further differencing to achieve stationarity. All variables
were also skewed in different directions thus, log normalization was used to transform them to help achieve stability and normality.

Table 3: Unit Root Test at First Difference

Variables Z(Alpha) P-values Truncation lag Significance level Conclusion
parameter
P -41.50 0.01 3 5% Reject HO
T -42.97 0.01 3 5% Reject HO
D -42.78 0.01 3 5% Reject HO
GR -55.59 0.01 3 5% Reject HO
IF -38.55 0.01 3 5% Reject HO
GP -37.07 0.01 3 5% Reject HO
MP -48.64 0.01 3 5% Reject HO
IP -50.88 0.01 3 5% Reject HO
GI -42.80 0.01 3 5% Reject HO
GX -29.65 0.01 3 5% Reject HO

Source: Authors’ computation (2024) using urca package on R version 4.4.0 (2024-04-24 ucrt)

The above result of PP test indicates that all variables become stationary after transformation and differencing at 5% significance
level. According to the PP test, the Null hypothesis that the series has a unit root and considered non-stationary will be rejected since
all the p-value were lower than the 5% significance level [30].

Table 4: Johansen Test for Long-Run Relationship
Series: P, T, D, GR, IF, GP, MP, IP, GI, GX

Test type (CE) Trace result Critical Value Critical Value Critical Value Eigenvalue Conclusion
(10%) (5%) 1%) (Lambda)
r<7 28.84 28.71 31.52 37.22 3.44e-01 Reject HO at 10%
r<6 55.51 45.23 48.28 55.43 5.04¢-01 Reject HO
r<5 86.78 66.49 70.60 78.87 5.61e-01 Reject HO
r<4 133.47 85.18 90.39 104.20 7.07e-01 Reject HO
r< 192.05 118.99 124.25 136.06 7.86e-01 Reject HO
r<2 264.38 151.38 157.11 168.92 8.51e-01 Reject HO
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r<l 344.78 186.54 192.84 204.79 8.79e-01 Reject HO
r=0 449.95 226.34 232.49 246.27 9.37e-01 Reject HO

Source: Authors’ computation (2024) using urca package on R version 4.4.0 (2024-04-24 ucrt)

The result of the Johansen cointegration shows several cointegrating relations between the variables. About seven cointegrating
relationships were found which suggests a strong presence of cointegration. According to the literature therefore we can continue
with the VECM.

Table 5: Vector Error Correction Model Analysis

Long-run

Variable Coefficient Standard Error Test Statistic
Pt & 0.09 11.32
1Pt 15.74% 0.09 -58.51
GXt -0.45* 0.11 10.37
GPt -3.24%* 0.08 -15.67
Dt -93.96* 0.09 5776.28
Glt 0.33%* 0.11 -20.54
IFt 0.07* 0.08 -19.80
MPt 1.78* 0.08 -82.42
Tt -2.02% 0.08 273.42
GRt -15.31* 0.11 -16.70
Constant -0.57 - -
Short-run

Variable Coefficient Standard Error Test Statistic
Pt-1 -0.64%* 0.34 -1.87
1Pt-1 -0.06** 0.75 -2.01
GXt-1 -0.55 2.18 -0.99
GPt-1 0.08 0.23 1.40
Dt-1 -0.01 2.33 -1.04
Glt-1 -0.04 19.85 -0.03
IFt-1 0.67* 0.059 0.73
MPt-1 -0.14 0.07 -0.40
Tt-1 0.14 0.26 2.62
GRt-1 -0.04 1.86 -0.49

Source: Authors’ computation (2024) using tsDyn, dplyr, and Metrics packages on R version 4.4.0 (2024-04-24 ucrt)

*Significant at 1%, ** Significant at 5%, *** Significant at 10%

F-stat = 2.803** R?=0.486 Adjusted R2=0.314 RMSE =0.399 MAPE =3.27% MAE =0.291
Ljung-box p-value = 0.0984 (No significant autocorrelation in residuals)

Breusch Pagan test = 0.996 B =5.1648 (No evidence of heteroskedasticity)

The results of the VECM show that all variables were significant in the long run with disease prevalence and input use having the
largest coefficients of -93.96 and -15.74. The negative sign indicates that these variables responded negatively to ginger production
as affirmed by that in 2023 alone Nigerian farmers lost over 2 billion due to ginger disease [31]. In the short run, only input use and
inflation were affecting ginger production highlighting the importance of these variables as having direct and short-term immediate
effects on ginger production. This is affirmed by the economic theory that two-digit inflation reduces the purchasing power of the
consumer and this serves as a disincentive to production. The tests for autocorrelation and heteroscedasticity also indicate that they
were not an issue in the analysis. The R? of 48.6% and 31.4% also show significant fit. The RMSE and MAPE values of 0.399 and
3.27% also indicate that the model performs well and captures the variances in the data.
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Table 6: ETS Model (AAN) with Monte-Carlo Simulation in Kiloton

Year Point Forecast MC Mean MC 2.5% Percentile MC 97.5% Percentile
2024 464.76 467.29 192.23 733.36
2025 476.19 475.81 192.35 782.79
2026 487.62 489.34 138.73 835.75
2027 499.05 501.62 130.98 864.27
2028 510.48 505.01 106.89 884.58
2029 521.91 516.94 71.43 937.49
2030 533.34 536.55 60.55 1005.97
2031 544.77 540.53 71.50 1030.77
2032 556.21 557.44 76.58 1088.64
2033 567.64 564.64 40.08 1101.33

Source: Authors’ computation (2024) using packages ets, forecast, MonteCarlo, dplyr on R version 4.4.0

AIC=1122.18 BIC=1127.319 AICc=1122.827 Alpha=0.568171 Beta=0.000123 Gamma = 0.087078 RMSE = 127407

Table 7: Prophet Model with Monte-Carlo Simulation in Kiloton

Year Point Forecast MC Mean MC 2.5% Percentile MC 97.5% Percentile
2024 612.12 605.66 332.84 866.29
2025 644.80 638.16 402.60 910.77
2026 594.32 628.21 343.62 869.99
2027 607.75 668.33 422.22 927.21
2028 689.59 694.65 401.41 981.99
2029 721.53 713.35 480.59 965.39
2030 668.82 735.83 384.12 1085.52
2031 671.69 709.67 455.27 949.22
2032 757.81 726.12 520.24 985.72
2033 788.62 768.59 477.16 1051.49

Source: Authors’ computation (2024) using packages predict(), forecast(), prophet(), MonteCarlo, dplyr on R version 4.4.0

AIC=3.696 BIC=3.696 Log-likelihood =-1.84778

Table 8: Arima (0,1,0) Model with Monte-Carlo Simulation in Kiloton

Year Point Forecast MC Mean MC 2.5% Percentile MC 97.5% Percentile
2024 259.51 270.03 117.60 510.89
2025 289.33 327.29 98.49 824.09
2026 322.58 407.79 90.25 1260.36
2027 359.66 490.93 83.06 1645.46
2028 400.99 581.82 72.11 2064.16
2029 447.07 703.94 66.58 2809.14
2030 498.45 837.65 60.29 3706.42
2031 555.73 998.68 59.69 4448.56
2032 619.59 1187.62 61.38 5687.14
2033 690.80 1440.36 61.92 6641.94

Source: Authors’ computation (2024) using packages forecast(), auto.arima(), MonteCarlo, dplyr on R version 4.4.0
AIC =40.3605 BIC =43.7383 AICc =40.68 RMSE = 465125.3 Sigma? = 0.149 Log-likelihood = -18.18 Drift coefficient =
0.1088 (s.e. 0.0603)

The result of the forecast above shows relatively different forecasts for the three models (ETS, ARIMA, and Facebook PROPHET
model). The point forecast indicates the model’s best line of forecast from the series provided. The Monte Carlo simulations indicated
the uncertainty and probability of occurrence of various possible productions over the 10-year forecast horizon. ARIMA and ETS
orders were automatically obtained from various iterations during the analysis as the model with the least AICc [23]. The result of
the forecast indicates high uncertainty as the year goes by signalling unstable production for the time horizon.
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Table 9: Performance Measurement

Metric ETS (AAN) ARIMA (0,1,0) PROPHET
Mean Absolute Scaled Error 0.96 0.77 1.44
(MASE)

Mean Absolute Percentage Error 36.53% 1.34% 3.24%
(MAPE)

R? 0.7477 0.96 0.90

Source: Authors’ computation (2024) using packages Metrics on R version 4.4.0 (2024-04-24 ucrt)

The model performance indicates that ARIMA (0,1,0) with MASE
0of 0.77 and ETS with 0.96. This means that the models perform
significantly well and better than the naive forecast. However, the
MASE of the PROPHET model was found to be 1.44 which means
that the model performs worse than the naive forecast, and thus
results are highly unreliable. ARIMA model has a significantly
lower MAPE of 1.34% than the ETS model which signifies that
the model captures the variance during the forecast well. Also,
result of R? revealed that the data was reliable to all the models
with 96%, 74.77%, and 90%; however, ETS and ARIMA better
capture the dynamics in the data with less error. The ETS (ANN)
indicates that the best-performing model possesses Additive error,
No trend, and No seasonality.

Conclusion

The analysis shows that the variables used were fit for the supply
response and forecast as shown by cointegration analysis. In the
long run elasticities, all the variables were highly significant with
disease prevalence showing the greatest impact. The forecast result
indicated the need for employing multiple models to forecast
ginger production and indicated high uncertainty and probabilistic
in ginger production. Also, the ARIMA (0,1,0) and ETS models
were the best-performing models for ginger supply from Nigeria.
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