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Introduction 

Ginger (Zingiber offficinale Rosc.) is a perennial spice and medicinal 

crop renowned for its rhizomes, cultivated primarily for its 

underground branched stem, known as a rhizome (1). Belonging to 

the family Zingiberaceae, ginger is a subtropical perennial 

herbaceous plant with widespread cultivation worldwide. India, a 

dominant producer, contributes approximately 35 % to the global 

production capacity of ginger (2). With a cultivation area of 0.17 

million hectares and a production output of 1.84 million tons, India 

maintains a productivity rate of 10.72 tons per hectare (3). The 

versatility of ginger is reflected in its use across various products, 

both as a fresh vegetable and a dried spice, in India (4).  

 Ginger rhizome holds significant importance as a spice, 

flavoring agent and traditional herbal remedy, exhibiting anti-

emetic, antioxidant and anti-inflammatory properties against 

respiratory tract infections (5). Owing to its remarkable health 

benefits, ginger cultivation has proliferated globally, with extensive 

growth observed in tropical and sub-tropical regions. The dynamics 

of ginger pricing present significant challenges due to the inherent 

characteristics of agricultural commodities, including high volatility, 

non-stationarity, non-linearity, seasonality and calendar effects (6). 

Despite efforts to predict ginger prices using various 

methodologies, such as the popular univariate method auto 

regressive integrated moving average (ARIMA) employed in 

previous studies, pricing remains influenced by numerous 

unquantifiable factors (7). Overall, the historical significance and 

therapeutic properties of ginger underscore its widespread 

cultivation and usage, while the intricacies of price forecasting 

highlight the complexity of agricultural commodity markets. 

Worldwide scenario of ginger production and price movement 

Ginger production is significant in several countries, including India, 

China, Nepal, Nigeria, Thailand, Indonesia, Bangladesh, Japan and 

Cameroon, collectively contributing to almost 50 % of global 

production. India, the second-largest producer after China, 

dominates ginger cultivation, covering 40.1 % of the global 

cultivation area (8, 9). Ginger is cultivated for both fresh vegetables 

and dried spices (10). A trend analysis of ginger prices (in naira) and 

output in metric tonnes (MT) from 1990 to 2020 reveals fluctuating 

trends. Various factors such as forces of demand and supply, 

random variation and government policies and programs have 

triggered structural changes in both prices and output of ginger 

(11). India, being the second-largest exporter of ginger after China, 

underscores its importance in the global market. However, ginger 
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Abstract  

Ginger contributes substantially to the agricultural sector in Meghalaya, yet comprehensive forecasting analyses that integrate both traditional and 

volatility-sensitive time series approaches to study its price movements are still scarce. In this study, we explore common time series yet  very powerful 

forecast models, namely the autoregressive moving average (ARMA), autoregressive integrated moving average (ARIMA) and ARIMA with exogenous 
inputs (ARIMAX), along with autoregressive conditional heteroscedasticity (ARCH) and generalized autoregressive conditional heteroscedasticity 

(GARCH) models, to forecast the monthly price of ginger in Meghalaya. During the estimation process, attention was given to the intrinsic forecasting 

strengths and limitations of these models, as well as to essential time series diagnostics, including stationarity, parsimony and overfitting. The 

discussion in this study is based on the forecast results obtained from a real-time monthly price dataset spanning 10 years. While fitting the models to 
the dataset, special care was taken to select the most parsimonious model. To evaluate forecast accuracy and compare the performance of the 

different models applied to the time series of monthly ginger prices, we used seven forecast performance measures: ME (mean error), RMSE (root 

mean square error), MAE (mean absolute error), MAPE (mean absolute percentage error), MASE (mean absolute scaled error), AIC (Akaike information 

criterion) and BIC (Bayesian information criterion). The GARCH (1,1) model outperformed the others, yielding the lowest MAE (1,212.28), MASE (0.2817) 
and a high persistence in volatility (β₁ = 0.99772). The average price during the study period was ₹4400.47. The forecasts indicated a decline in prices 

from ₹11910 in March 2024 to ₹10938 in July 2024.   
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production in Bangladesh is relatively low and identifying the 

shortcomings is crucial for enhancing production (12). Efforts to 

increase ginger production could result in significant 

improvement. Establishing an efficient marketing organization is 

essential for sustainable ginger farming in Bangladesh. Ginger 

cultivation involves several varieties and farmers use them to 

produce ginger. However, the volatile nature of the ginger market 

may discourage farmers from cultivation (13). Despite this, ginger 

possesses high export potential, contributing to foreign currency 

earnings and uplifting the living standards of farmers, thereby 

benefiting the national economy (NTIS, 2016). 

Ginger production and price movement in India 

Madhya Pradesh stands as the largest producer of ginger in India, 

contributing 22.29 % to 31.18 % of the country's total output. Major 

ginger-growing regions in Madhya Pradesh include Chhindwara 

and Balaghat. In 2022, Madhya Pradesh alone produced nearly 692 

million metric tons of ginger, surpassing Karnataka with 306.34 

metric tons and Assam with 170.73 metric tons. Price fluctuations in 

garlic and ginger over recent years have subjected growers to 

significant risks. These fluctuations, exacerbated by climate risks, 

impact both production and market arrivals (14).  

 Increasing awareness of various market channels, crop 

weather advisories and market intelligence services can aid farmers 

in mitigating these risks. Accurate and timely price information 

provided by market intelligence services also facilitates 

policymakers in formulating policies regarding price stabilization. 

The agriculture development strategy (2015-2035), guiding Nepal's 

agricultural sector, prioritizes the ginger sub-sector for value chain 

development (ADS, 2014). Several challenges hinder the efficient 

marketing of ginger in India. These challenges include the diversity 

of ginger varieties cultivated, the absence of organized primary and 

terminal markets, unavailability of quality inputs (such as hybrid 

seeds), inadequate technology in cultivation and post-harvest 

management, lack of credit facilities and asymmetric price 

information among growers (15).  

 Spices produced in the Darjeeling sub-division of West 

Bengal, including ginger, cardamom and turmeric, face constraints 

such as poor crop management and post-harvest management 

practices, resulting in low production per unit area and low value of 

produce due to poor marketing strategies (16). Similarly, an 

examination of the efficiency of various ginger marketing channels 

in Himachal Pradesh revealed issues such as non-payment of sale 

proceeds at the time of sale, non-availability of scientific storage 

facilities and inadequate information relating to market prices and 

arrivals, all of which hinder marketing efficiency (17). In Kerala, an 

institution was found to be in place for marketing ginger, consisting 

of growers, merchants and other intermediaries' institutions, while 

the cooperative sector was observed to play a minimal role (18). A 

study on the management of marketing and export of ginger in the 

eastern Himalayan region identified three major marketing 

channels (19). Lack of price information among growers in 

subsequent market chains and terminal markets, absence of 

coordination among growers, accessibility problems and 

transportation costs and absence of storage facilities remain major 

challenges in the study areas. 

Ginger production and price movement in Northeastern India 

Ginger cultivation is widespread in almost all the states of the 
Northeastern region, with the leading states being Meghalaya, 

Mizoram, Arunachal Pradesh and Sikkim (20). According to the 

Government of India (2015), the leading producers of ginger in the 

Northeastern region are Assam (33.03 %), Meghalaya (17.01 %) and 

Sikkim (14.07 %), with Manipur being the least producer (1.03 %). 

The significance of ginger cultivation in the northeast was 

emphasized, highlighting it as a major cash crop (21). A notable 

feature of agriculture in the northeast region is the prevalence of 

jhum cultivation in large parts.  

 In the hilly regions, ginger is generally cultivated on raised 

beds called "buns" in the jhum fields (22). Four stakeholders for 

ginger marketing in Mizoram were identified, namely local agents 

(brokers), local traders, floating traders and itinerant dealers from 

outside the state (23). There was no organized system in place and 

outside traders were identified as the main actors in procurement 

and price determination in the state. It was reported that especially 

in Sikkim, the extraction of mother was done by female members 

and in Meghalaya, Mizoram and Nagaland, females played a 

dominant role in the retail selling of ginger (24). Adopting 

recommended practices in Sikkim led to higher average returns (Rs. 

255 lakh) compared to traditional farming practices (Rs. 1.31 lakhs) 

(25). The region boasts several cultivated types of ginger, generally 

named after the localities they are grown in. Certain indigenous 

types, namely Maran, Bhola and Jorhat local of Assam, have been 

reported to be equally good in rhizome yield as well as in size. In 

Mizoram, local types such as Thingpui, Thingaria and Thinglaidum 

are grown on a large scale. Black ginger, with rhizomes having a 

bluish-black tinge inside, is reported to have medicinal properties 

and is grown by the inhabitants of Mizoram for commercial as well 

as personal use. In Sikkim, local types such as Bhainse and 

Gorubathan are grown commercially due to their high yield 

potential and large size rhizomes (26).  

 Ginger production and price movement in Meghalaya 

Ginger cultivation is a traditional practice in Meghalaya's Umroi 
region (27). Due to the labor-intensive nature of ginger cultivation, it 

may not be ideal to grow it on the same piece of land year after year 

in the west Garo hills of Meghalaya (28). Price volatility stands out as 

one of the main issues affecting ginger marketing and production in 

the west Garo Hills of Meghalaya (29). The constraints faced by 

ginger growers in the region include a lack of skilled and unskilled 

labor availability, followed by high prices (30). Ginger not only 

generates income for farmers but also contributes significantly to 

the health sector with its medicinal value.  

 The pungency in ginger is attributed to gingerol, which is 
found to have the highest concentration in the Meghalaya local 

genotype, known for its medium size and suitability for export 

purposes. In addition to local varieties such as Meghalaya local and 

Tura local, considerable acreage in Meghalaya is dedicated to 

selected types like Nadia (26). 

 In Meghalaya, compared to earlier studies, this research 

presents a novel approach to analyzing and forecasting the 

monthly market price of ginger using advanced time series 

forecasting techniques. It involves a comprehensive analysis of 

price trends from 2014 to February 2024, including white noise 

testing, visual inspection and unit root tests to assess stationarity 

(31, 32). Advanced models such as ARIMA, ARIMAX and ARCH/

GARCH are identified to select the best model for precise prediction 

of future price movements of ginger (33). The models have been 

chosen based on Parsimony that adequately fit the data selecting 
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the simplest model for ARIMA and GARCH models. This involved 

selecting the lowest-order parameters (p, d, q) that balance fitness 

and forecast accuracy without overfitting. Evaluation criteria such 

as AIC, BIC, log-likelihood and accuracy metrics (ME, MAE, MAPE, 

RMSE, MASE) supported this process by penalizing overly complex 

models and ensuring optimal model simplicity and performance. 

 These models are selected based on their ability to 
minimize forecast errors and provide reliable predictions (34). The 

models have been compared based on the lowest values of various 

accuracy measures such as ME, MAE, MAPE, RMSE, MASE, log-

likelihood and the AIC. Model comparison using BIC, AIC, RMSE and 

MAPE identifies the most effective models, which are then used to 

predict prices for the next five months (35). The accuracy of these 

forecasts is evaluated through statistical measures to ensure 

reliability (36). The findings offer critical insights for policymakers, 

traders and ginger growers, enabling informed decision-making 

and effective market planning (37). This study, therefore, 

contributes significantly to the literature on ginger price dynamics 

by delivering both analytical depth and practical forecasting tools 

tailored to the context of Meghalaya.  

 

Materials and Methods  

Autoregressive moving average (ARMA) models 

An ARMA (p, q) model is a combination of autoregressive (AR) (p) 
and moving average (MA) (q) models and is suitable for univariate 

time series modelling. In an AR (p) model, the future value of a 

variable is assumed to be a linear combination of p past 

observations and a random error together with a constant term. 

Mathematically the AR (p) model can be expressed as: 

 

              (Eqn.1 )  

 Here, yt and ɛ t are respectively the actual value and random 

error (or random shock) at time period t, φi (i= 1, 2..., p) are model 

parameters and c is a constant. The integer constant p is known as 

the order of the model (38). 

Stationarity analysis (unit root test) 

To test for a unit root using the Augmented Dickey Fuller (ADF) test, 

one estimates the following model: 

 This is a regression of first-differenced series (△yt) on a 

constant term (α0), a linear trend (α2t), lagged levels (YYt-1)and 

augmented with lagged differences  to capture the whole 

dynamic nature of the process and fix autocorrelation of 

the residuals (39). 

 

 (ACF 

and PACF)  

ACF and PACF analysis reflect how the observations in a time series 

are related to each other. For modelling and forecasting purposes it 

is often useful to plot the ACF and PACF against consecutive time 

lags to determine the order of AR and MA terms. The 

autocorrelation at lag k is defined as:

                              (Eqn. 3) 

 

ARIMA model is a generalization of an ARMA model to include the 

case of non-stationarity in the model (37, 38, 40). In ARIMA models, a 

non-stationary time series is made stationary by applying finite 

differencing of the data points. The mathematical formulation of 

the ARIMA (p, d, q) model using lag polynomials is given below (38, 

40):

 Here, p, d and q are integers greater than or equal to zero 
and refer to the order of the autoregressive, integrated and MA parts 

of the model respectively. The integer d controls the level of 

difference. 

 

One of the earliest time series models allowing for 

heteroscedasticity is the ARCH model. The ARCH (q) model for 

series {εt} is defined by specifying the conditional distribution of εt 

given information available up to time t-1. 

Generalized autoregressive conditional heteroscedastic 

(GARCH) model  

The GARCH model is an econometric term, in which conditional 

variance is also linear function of its own lags. A GARCH model has 

the following functional form:

ARIMAX models  

The ARIMAX model extends the ARIMA model to include exogenous 

input series. It expresses the response series as a combination of 

past values of random shocks and past values of other input series. 

The general ARIMA model with input series, also called the ARIMAX 

model, is written as:  

 

 

Ollech-Webel test (WO test)

The WO test aggregates the findings from the QS-test and the kw-

test, which are both based on the residuals of a seasonal ARIMA 

model. The given time series will be classified as seasonal by the WO 

test, if the p-value of the QS-test is less than 0.01 and the p-value of 

the kw-test is less than 0.002 (41). 

Forecast accuracy measures 

 To evaluate the amount of forecast error, the following measures 

are used (42-45).  Let at is the actual data and Ft represents the 

forecast and n denotes the number of forecasts made. Then the 

mean error (ME) is merely the average error. 

 

  

  

The mean absolute error (MAE) or mean absolute deviation (MAD)  

 

𝒚𝒕 = 𝒄 +  𝝋𝒊𝒚𝒊𝒕 + 𝜺𝒕 = 𝒄

𝒑

𝒊=𝟏

+ 𝝋𝟏𝒚𝟏 + 𝝋𝟐𝒚𝟐 + ⋯+ 𝝋𝒑𝒚𝒕−𝒑 + 𝜺𝒕 

( ) 

∆𝑦𝑡 = 𝛼0 + 𝛼2𝑡 + 𝛾𝑦𝑡−1 +  𝛽𝑖∆𝑦𝑡−1 + 𝜀𝑡
𝑚

𝑠−1
 (Eqn. 2) 

 𝝆𝒌 =
𝜸𝒌

𝜸𝟎
 

𝝋 𝑳  𝟏 − 𝑳 𝒅𝒚𝒕 = 𝜽 𝑳 𝜺𝒕   𝒊.𝒆. , (𝟏−  𝝋𝒊𝑳
𝒊)(𝟏− 𝑳)𝒅𝒚𝒕 = (𝟏 +  𝜽𝒋𝑳

𝒋)𝜺𝒕

𝒒

𝒋=𝟏

𝒑
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(Eqn. 4) 

(Eqn. 5) 

(Eqn. 6) 

            (Eqn. 7) 
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The mean squared error (MSE)  

         

The root mean square error (RMSE) 

      

The mean percentage error (MPE)  

 

  

Mean absolute percentage error (MAPE). 

 

 

Kruskal Wallis test 

Kruskal Wallis test is a nonparametric method for testing whether 

samples originated from the same distribution. It extends the 

Mann-Whitney U test to more than two groups. The null 

hypothesis of the Kruskal Wallis test is that the mean ranks of the 

groups are the same. Unlike the analogous one-way analysis of 

variance (ANOVA), the nonparametric Kruskal Wallis test does not 

assume a normal distribution of the underlying data. This test is 

useful as a general nonparametric test for comparing more than 

two independent samples.  

 

Results and Discussion 

The series chosen for forecasting is the monthly market price of 

ginger in Meghalaya for a period of 10 years, from January 2014 

to February 2024.  Over the 10-year period, events such as the 

COVID-19 pandemic and major agricultural policy reforms may 

have introduced regime shifts in ginger price dynamics. These 

disruptions-impacting supply chains, labor availability and 

market access-can alter the statistical properties of agricultural 

price series, potentially influencing forecast reliability. The 

pandemic-induced lockdowns resulted in price spikes of up to 60 

% in horticultural commodities such as tomatoes and onions, 

highlighting the vulnerability of agricultural markets to external 

shocks (46). Although structural break tests were not applied in 

this study, their relevance is acknowledged for future research to 

more accurately capture such shifts in ginger price behavior. 

 In the identification stage, the response series and price 

were specified to identify candidate ARIMA models. The mean of 

the series was found to be 4400.47, with a standard deviation of 

2882.03. 

 

The time series analysis of ginger prices in the Mawiong 

regulated market of Meghalaya from January 2014 to February 

2024 was conducted to evaluate the trend and determine the 

presence of any significant changes over the period. The results 

are presented in Fig. 1 and Table 1. Fig. 1 illustrates the 

fluctuations in ginger prices over the specified period. The trend 

line equation, y = 0.2432x-6175.9, suggests a positive slope. 

However, a more robust analysis was needed to confirm the 

statistical significance of this trend. 

 To assess the significance of the observed trend, the 

Mann-Kendall trend test was employed. This non-parametric 

test is widely used to detect monotonic trends in time series 

data. Additionally, Sen's slope estimate was calculated to 

quantify the magnitude of the trend. The z value obtained from 

the Mann-Kendall test is -0.53552, with a corresponding p value 

of 0.5923. Since the p value is significantly higher than the 0.05 

threshold, we do not reject the null hypothesis. This indicates 

that there is no statistically significant trend in ginger prices over 

the period analyzed. The slope estimate calculated by Sen’s 

method is -2.97775. This negative value suggests a slight 

decrease in ginger prices. However, the wide confidence interval, 

Period z value p value Sense slope estimate Lower 95 % confidence level Upper 95 % confidence level 

2014 -2024 -0.5355 0.5923 -2.97775 -14.464375 9.016292 

Table 1. Mann-Kendall trend test and Sen’s slope estimate for price of ginger  

 

Fig. 1. Time series plot for market price of ginger.  

(Eqn. 8) 

(Eqn. 9) 

                (Eqn. 10) 

    (Eqn. 11) 

(Eqn. 12) 
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ranging from -14.464375 to 9.016292, indicates considerable 

uncertainty around this estimate. The overlap of zero within this 

confidence interval further confirms the lack of a significant 

trend. This finding is essential for stakeholders in the ginger 

market, including farmers and policymakers, as it suggests that 

price fluctuations during this period are likely due to random 

variations rather than any underlying trend. Consequently, 

future strategies for market intervention should consider this 

lack of a significant trend in price behavior. 

White noise (no autocorrelation) test 

The test for white noise in the ginger price series was performed by 
examining autocorrelations up to lags 6 and 12. The results reveal 

significant autocorrelation across the specified lags, as indicated 

by the high Chi-square values and very low p-values (p < 2.2e-16) 

(Table 2). For lag 6, the Chi-square statistic was 325.11 (df = 6), 

while for lag 12, it was 340.39 (df = 12), both highly significant, thus 

rejecting the null hypothesis of no autocorrelation. At lag 6, 

autocorrelation coefficients ranged from 0.869 at lag 1 to 0.381 at 

lag 6, indicating a strong positive autocorrelation. Similarly, for lag 

12, the coefficients gradually decreased from 0.268 at lag 7 to 0.021 

at lag 12. These findings strongly suggest that the ginger price 

series exhibits significant autocorrelation, implying that an 

autoregressive (AR) process may be appropriate for modeling the 

underlying time series behavior. 

Seasonality analysis 

This is a test on autocorrelations at seasonal lags for time series 

data, which helps in detecting seasonality. The autocorrelation 

value at lag 12 indicates a strong seasonal pattern every 12 time 

periods. A value close to 1 means that the data at lag 12 is highly 

correlated with the current data point, suggesting strong 

seasonality on a yearly basis if the data is monthly as in the case 

of the current study. The autocorrelation value at lag 24 also 

indicates moderate seasonality every 24 time periods. A value of 

0.7006 shows some seasonal effects at this lag, but not as strong 

as at lag 12. Chi-square (X²) with 2 degrees of freedom shows its 

value 258.5028 (Table 3). This is a large test statistic, indicating a 

significant deviation from the null hypothesis of no 

autocorrelation. The very small p-value (< 0.01) indicates strong 

evidence against the null hypothesis of no seasonality. In other 

words, the test suggests that seasonality is present in the data at 

the seasonal lags tested. Based on the high autocorrelation 

values and the significant Chi-square test, there is strong 

evidence of seasonality in the time series data. The data shows a 

strong pattern of seasonality every 12 time periods, with some 

weaker seasonality at 24 periods. This result would typically lead 

to this seasonality explicitly prompting seasonal models. 

Autocorrelation function (ACF) plot 

The ACF plot of the ginger price series illustrates the correlation 

between the observations and their lagged values over time (Fig. 

2). The ACF values demonstrate a rapid decay after lag 1, 

confirming that the time series is stationary. The significant spike 

at lag 1, with an autocorrelation coefficient of approximately 

0.869, suggests a strong relationship between the current and the 

previous period’s observations, supporting the presence of a non-

seasonal first order MA (1) process. Subsequent lags show 

diminishing correlations, as all values lie within the confidence 

bounds (represented by the dotted blue lines), further reinforcing 

the notion of a stationary process supporting the conclus1ions 

drawn from Augmented Dickey-Fuller test. 

 Building on this, a detailed examination of the 

autocorrelation patterns at lags corresponding to multiples of the 

seasonal period (S = 12) was conducted, considering the monthly 

nature of the data. The analysis extended to lags 12, 24, 36 and up 

to 72. Significant spikes were identified at lags 7, 19 and 31 in the 

ACF, signaling potential seasonal components. Furthermore, the 

tapering pattern observed in the PACF is indicative of a seasonal 

MA process. These findings suggest the inclusion of one to three 

seasonal MA terms in the SARIMA model to accurately capture the 

Table 2. Autocorrelation check for white noise of price of ginger  

To lag Chi square df p > Chi square Autocorrelations 
6 325.11 6 2.2e-16 0.869 0.782 0.698 0.583 0.476 0.381 

12 340.39 12 2.2e-16 0.268 0.160 0.114 0.054 0.042 0.021 

Table 3. QS test for seasonality  

Lags Autocorrelations Df Chi-square p-value 
12 0.8238 

2 258.5028 0.000 
24 0.7006 

 

Fig. 2. ACF plot of market price of ginger.  
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underlying seasonal dynamics in the data. 

Partial autocorrelation function (PACF) plot 

The PACF plot provides additional insights into the direct 

relationships between observations at different lags after 

accounting for correlations at shorter lags (Fig. 3). A significant spike 

at lag 1, with a partial autocorrelation coefficient close to 0.869, 

highlights a strong first-order non-seasonal autoregressive (AR (1)) 

process. The rapid decline in partial autocorrelations at subsequent 

lags indicates minimal additional direct autocorrelations. All other 

lag values remain within the confidence bounds (indicated by the 

dashed blue lines), confirming the lack of significant autoregressive 

behavior beyond lag 1. This finding suggests that an AR (1) model 

would likely be suitable for modelling the ginger price series, 

aligning with the results of the white noise and stationarity tests. 

Subsequently, we analyzed the patterns across lags that are 

multiples of the seasonal period (S = 12). Seasonality was assessed 

at lags 12, 24, 36 and up to 72 lags. The investigation of seasonal 

autoregressive components in the ginger price series shows no 

significant autocorrelation spikes beyond the 5th lag in the PACF 

plot. The gradual tapering of the ACF and the diminishing PACF 

values indicate the absence of a seasonal AR process. This behavior 

suggests that autoregressive terms do not significantly contribute 

to the seasonal dynamics of the time series. 

ADF test for non-stationarity (unit root test) 

The augmented Dickey-Fuller (ADF) test was conducted to assess 
the presence of a unit root and determine whether the time 

series data for ginger market prices is stationary. The test was 

performed with a lag length of 6 and the results are summarized 

in Table 4. The ADF test results indicate statistical significance at 

all lag lengths tested, with p-values less than the conventional 

significance threshold of 0.05. This suggests that the null 

hypothesis of a unit root is rejected at each lag length, confirming 

that the series is stationary. Therefore, no difference was 

necessary to achieve stationarity. The consistently significant p-

values across lags suggest that the series does not exhibit non-

stationarity and thus, the data can be used for further analysis 

without requiring differencing. 

 Table 5 presents the identified models with their 
corresponding accuracy measures for forecasting the price of 

ginger, based on various statistical metrics including ME, RMSE, 

MAE, MAPE, MASE and information criteria such as AIC and BIC. 

The table includes a mix of ARIMA and GARCH models to assess 

both the level and volatility of ginger prices in Meghalaya. Among 

the nine models, several variations of ARIMA and seasonal ARIMA 

(SARIMA) were tested, each capturing different autocorrelation 

structures. Three ARIMA models and three seasonal ARIMA 

models were evaluated to capture both non-seasonal and 

seasonal components of the time series.  

 The ARIMA models tested include ARIMA (1, 0, 2), ARIMA 

(2, 0, 1) and ARIMA (1, 0, 1). Among these, the ARIMA (2,0,1) model 

was selected as the best fit for the data, based on its relatively 

lower RMSE (1226.42), MAE (794.011) and AIC (2091.97), 

Table 4. Augmented Dickey-Fuller or unit root tests for market price 
of ginger  

Type Lags F value p > F 

Single mean 

1 -1.293 0.0403 
2 -1.4813 0.03 
3 -1.9164 0.02 
4 -1.9718 0.011 
5 -1.5761 0.034 
6 -1.6611 0.047 

Model ME1 RMSE2 MAE3 MAPE4 MASE5 AIC6 BIC7 
ARIMA (1,0,2) -20.999 1218.23 800.439 20.342 0.995 2093.58 2107.6 
ARIMA (2,0,1) -22.323 1226.42 794.011 20.074 0.987 2091.97 2105.99 
ARIMA (1,0,1) -22.602 1233.77 802.002 20.064 0.997 2092.99 2104.21 
ARIMA (1,0,1) (0,0,1) -22.602 1233.77 802.002 20.064 0.997 2092.99 2104.21 
ARIMA (1,0,2) (0,0,1) -20.999 1218.23 800.439 20.342 0.995 2091.97 2105.99 
ARIMA (1,0,3) (0,0,1) -21.056 1216.63 801.742 20.308 0.997 2093.63 2110.45 
sGARCH (0,1) 17.671 1263.98 823.603 20.038 0.958 17.173 17.264 
sGARCH (1,0) -339.968 2991.93 2429.974 78.585 2.827 19.189 19.281 
sGARCH (1,1) -72.453 1252.66 811.162 20.229 0.943 16.965 17.103 

Table 5. Identified models with different accuracy measures for price of ginger  

ME1: mean error; RMSE2: root mean square error; MAE3: mean absolute error; MAPE4: mean absolute percentage error; MASE5: mean absolute 
scaled error; AIC6: Akaike information criterion; BIC7: Bayesian information criterion.  

Fig. 3. PACF plot of market price of ginger.  
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indicating superior performance in modelling the non-seasonal 

behaviour of ginger prices. For the SARIMA models, ARIMA (1, 0, 

1) (0, 0, 1), ARIMA (1, 0, 2) (0, 0, 1) and ARIMA (1, 0, 3) (0, 0, 1) were 

assessed. Among these, the ARIMA (1, 0, 2) (0, 0, 1) model was 

chosen due to its comparatively better fit, as reflected by its 

RMSE (1218.23), MAE (800.439) and AIC (2091.97). This model 

effectively captures the seasonality present in the data while 

maintaining accuracy across multiple metrics. 

 In summary, the ARIMA (2, 0, 1) model was identified as 

the best choice for non-seasonal dynamics, while the ARIMA (1, 0, 

2) (0, 0, 1) model was selected for its superior performance in 

accounting for seasonal effects (Table 6). However, the ARIMA 

models alone may not fully capture the volatility inherent in 

ginger prices, as evidenced by the consistently high MAPE values 

across these models. These models, in conjunction with the 

GARCH (1, 1) model for volatility, provide a comprehensive 

approach to modelling ginger prices in Meghalaya.  

 To address volatility, three specifications of the GARCH 

model were also evaluated which are sGARCH (0, 1), sGARCH (1, 

0) and sGARCH (1,1). Among these, the sGARCH (1, 1) model 

emerged as the most appropriate based on its low RMSE 

(1252.66), AIC (16.965) and BIC (17.103) values. Although the 

sGARCH (1, 0) model showed larger errors, suggesting poor fit, 

sGARCH (1, 1) effectively captures both the mean and volatility 

components of the series, making it the preferred model for 

assessing the price volatility of ginger in Meghalaya. The GARCH 

(1, 1) model’s ability to account for time-varying volatility aligns 

with the observed fluctuations in ginger prices, which are 

influenced by various market and environmental factors. Hence, 

the GARCH (1, 1) model was selected as the best representation 

of the data due to its robust performance across multiple 

accuracy measures. While these models effectively represent the 

mean dynamics, they do not adequately capture the volatility 

observed in the ginger price series. Thus, to address this, the 

sGARCH (1, 1) model was ultimately selected as the best model 

for handling price volatility, as detailed earlier. 

Comparison of forecast models 

The selection of four models for forecasting ginger prices was 

supported by model evaluation metrics such as AIC, BIC, ME, 

RMSE, MAE, MAPE and MASE. Comparable outcomes were 

observed in previous studies conducted in Brazil and in the 

Indian cities of Delhi, Kanpur and Rajkot (47-49). The first two are 

ARIMA models: ARIMA (2, 0, 1) and ARIMA (1, 0, 2) with seasonal 

parameters (0, 0, 1). An ARIMAX model incorporating rainfall as a 

predictor was also evaluated; however, the rainfall was found to 

be statistically insignificant in this context (Table 7). Although 

rainfall was found insignificant in the ARIMAX model used for 

forecasting ginger prices in Meghalaya, its inclusion was based 

on sound agronomic and climatic reasoning. Ginger cultivation 

in the region is highly dependent on seasonal rainfall, which 

influences both sowing and harvesting outcomes. Meghalaya, 

particularly areas like Mawsynram and Cherrapunji, is known to 

receive among the highest annual rainfall levels in the world, 

often exceeding 10,000 mm per year (50). Despite this, year-to-

year fluctuations in rainfall patterns—such as early monsoon 

onset or prolonged dry spells—can severely impact crop health, 

potentially influencing price volatility due to reduced supply. 

According to Indian meteorological department data, in 2022 

and 2023, these areas experienced irregular distribution of 

rainfall despite maintaining high cumulative values. Therefore, 

rainfall was selected as the most logical and readily available 

exogenous variable for inclusion in the forecasting model. 

 However, in this study, the ARIMAX model results revealed 
that rainfall had no statistically significant effect on ginger price 

dynamics, with a p-value of 0.9132. This underscores the complexity 

of modeling agricultural price dynamics in regions where non-

climatic variables may exert stronger or more localized effects. This 

suggests that while rainfall remains crucial agronomically, its 

quantitative influence on monthly price variation during the studied 

period may have been overshadowed by other unmeasured 

variables, such as market demand shifts, transportation disruptions 

or export fluctuations. Additionally, the spatial variability of rainfall 

even within high-rain zones like Mawsynram and Cherrapunji may 

not uniformly reflect growing conditions across all ginger-

producing areas in Meghalaya.  

 Due to the lack of consistent time-series data for 

alternative exogenous variables such as transport costs, labor 

shortages, or policy changes, rainfall remained the most viable 

option for inclusion. In the present investigation, price volatility 

was modelled using the sGARCH (1,1) specification from the 

ARCH/GARCH family, while the AR (1) model emerged as a viable 

alternative for forecasting ginger prices. The predictive 

performance of these models was assessed using standard 

forecast evaluation metrics, including RMSE, MAPE, ME, MAE, 

MASE and log-likelihood (Table 8). The modelling approach and 

outcomes are consistent with those reported in a previous study 

conducted in Brazil, thereby reinforcing the validity of the 

selected models under different agro-economic contexts (47). 

Similarly, a study compared classical time-series models (ARIMA, 

SARIMA, ARCH/GARCH) with machine-learning approaches 

(ANN, RNN) for banana price forecasting, using MAPE, RMSE, 

SMAPE and MASE to evaluate performance. The results showed 

that the RNN (LSTM) model consistently achieved the lowest 

errors across all metrics, clearly outperforming ARIMA/GARCH 

and ANN models, highlighting the ability of advanced sequence 

models to capture complex price dynamics in horticultural 

Table 6. Identified forecast models for monthly price based on AIC, 
BIC and other accuracy measures  

Technique Price of ginger 

ARIMA 
ARIMA (2,0,1) 

ARIMA (1,0,2) (0,0,1) 
ARIMAX   
ARCH/GARCH sGARCH (1,1) 
AR AR (1) 

Table 7. Regression of price of ginger with rainfall in Meghalaya  

Parameters Estimate Standard error z value p value 
ar1 0.387689 0.444407 0.8724 0.3830 
ar2 0.493489 0.395948 1.2463 0.2126 
ma1 0.388201 0.479379 0.8098 0.4181 
Intercept 4913.075 1205.968 4.0740 4.622e-05* 
Rainfall -0.04067 0.373028 -0.109 0.9132 

* Significant at 5 percent level of significance.  
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commodities (51). Similarly, a study applied ARIMA models to 

Indian turmeric prices and found that the seasonal ARIMA (1, 1, 0) 

(0, 0, 0) provided the best fit, selected based on the lowest MAPE 

of about 7.07 %. The fitted model forecasted a declining price 

trend over the following five months (e.g., ~Rs.7170/quintal by 

September), reflecting increased supply and demonstrating the 

usefulness of standard ARIMA approaches for commodity price 

projection (52).  To do this, we started forecasting by holding 

(omitting) the recent five months data points of the response 

variable (ginger price). Forecasting was made using only the 

remaining 117 months data points. sGARCH (1, 1) model had 

smallest values in all the accuracy measures ME, MAE, MASE, 

RMSE, MAPE and log likelihood compared to other models. 

 In selecting the optimal model for forecasting ginger 

prices with consideration of both forecast accuracy and 

parsimony, several key factors were evaluated. First, based on 

model accuracy measures, GARCH (1, 1) exhibits a higher ME                   

(-678.45), indicating a greater bias in predictions compared to the 

ARIMA models, which have a consistent ME (-101.03). However, 

when assessing MAE, GARCH (1, 1) performs slightly better, with a 

lower MAE (1212.28) compared to the ARIMA models (1225.54), 

suggesting that GARCH provides more accurate predictions on 

average. In terms of MAPE, GARCH (1, 1) shows a marginally 

higher percentage error (12.30 %) relative to ARIMA (11.92 %).  

 While ARIMA outperforms GARCH in RMSE (1467.46 vs. 

1540.98), indicating fewer extreme forecast errors, GARCH (1, 1) 

performs marginally better in MASE, with values of 0.2817 and 

0.2848, respectively. In addition to accuracy, the log-likelihood 

values for the models were considered, with ARIMA (1, 0, 2) (0, 0, 1) 

achieving a slightly better log likelihood (-995.03) compared to 

ARIMA (2, 0, 1) (-996.23) and GARCH (1, 1) (-996.10). A higher log 

likelihood reflects a better fit to the data, suggesting ARIMA (1, 0, 2) 

(0, 0, 1) may offer a stronger fit under certain conditions. However, 

an important consideration in forecasting ginger prices is the 

volatility present in the data. The GARCH (1, 1) model is specifically 

designed to handle time-varying volatility, making it well-suited for 

data with heteroscedasticity, a common feature in financial and 

commodity price series. Similarly, a study modelled monthly onion 

prices (2003-2020) using an AR (1)-GARCH (1,1) framework and 

demonstrated that this specification effectively captures the 

observed volatility. The forecasts indicated that conditional 

volatility would remain relatively stable through mid-2024, while 

onion prices were expected to decline steadily over 2023-24. These 

findings suggest that producers may face reduced price risk but 

could benefit from timely marketing strategies before anticipated 

price declines (53). In addition, another study analyzed volatility in 

Indian onion markets using ARIMA, ARMA-GARCH and ensemble 

EEMD-ARIMA/ANN models. The results showed that volatility was 

moderate to high and that hybrid EEMD-based approaches 

produced the most accurate forecasts. In particular, the EEMD-

ARIMA/ANN models achieved very low MAPE values (e.g., ~6.8-17.7 

% for arrivals and ~9.8-10.2 % for prices), clearly outperforming 

conventional models. This highlights the importance of 

incorporating nonlinearity and structural breaks when modeling 

agricultural price volatility (54). Given that ginger prices in 

Meghalaya exhibit significant fluctuations and volatility clustering, 

GARCH (1, 1) is more effective at capturing the dynamic nature of 

price volatility, which ARIMA models cannot adequately model. 

Furthermore, parsimony was considered in model selection. ARIMA 

(1, 0, 2) (0, 0, 1) stands out as a more parsimonious model, utilizing 

fewer parameters while maintaining reasonable accuracy. Despite 

this, the trade-off lies in its limited capacity to address volatility 

compared to GARCH. 

 In conclusion, while ARIMA models, particularly ARIMA (1, 

0, 2) (0, 0, 1) may be preferable for short-term forecasts due to 

their lower RMSE and better log likelihood, GARCH (1,1) is 

scientifically more appropriate for capturing the volatility 

inherent in ginger price data. GARCH (1, 1)’s ability to model 

fluctuating price patterns makes it the recommended model for 

forecasting under volatile conditions, especially in scenarios 

requiring longer-term predictions. Thus, despite slightly worse 

performance in some accuracy metrics, GARCH (1, 1) is better 

suited to account for the varying volatility in ginger prices, 

providing a more comprehensive understanding of price 

dynamics over time. Parameter estimates of the sGARCH (1, 1) 

model for the price of ginger are presented in Table 9. In this 

model, the first autoregressive term and the Garch term were 

found to be significant. The forecasted prices from March 2024 to 

July 2024 are provided in Table 10. Additionally, a plot 

comparing the actual price and predicted price of the sGARCH (1, 

1) model is presented in Fig. 4.  

 The findings of the present study reveal that the 

autoregressive component AR (1) exerts a significant influence 

on ginger price dynamics, indicating that historical price 

movements are strong determinants of current prices. The 

estimated coefficient, being close to one, reflects a high level of 

persistence in the price series, suggesting that deviations from 

the mean following external shocks tend to persist over time 

rather than dissipate rapidly. These results are consistent with 

earlier empirical evidence, which reported comparable patterns 

Parameter Estimate Standard Error t value p-value 
Mu (mean) 6694.33 1205.70 5.55235 0.00000* 
ar1 0.94978 0.03636 26.11831 0.00000* 
Omega (constant) 8273.29 13606.00 0.60805 0.54315 
alpha1 (Arch) 0.00000 0.01507 0.00000 1.00000 
beta1 (Garch) 0.99772 0.01045 95.49468 0.00000* 

  Table 9. Parameter estimates given by the model GARCH (1, 1) for price of ginger  

* Significant at 5 percent level of significance  

Models ME1 MAE2 MAPE3 RMSE4 MASE5 Log likelihood 

ARIMA (2,0,1) -101.03 1225.54 0.1192 1467.46 0.2848 -996.23 

ARIMA (1,0,2) (0,0,1) -101.03 1225.54 0.1192 1467.46 0.2848 -995.03 

sGARCH (1, 1) -678.45 1212.28 0.123 (marginally) 1540.98 0.2817 -996.102 

 Table 8. Accuracy measures of the forecast models for monthly price of ginger  

ME1: mean error; MAE2: mean absolute error; MAPE3: mean absolute percentage error; RMSE4: root mean square error; MASE5: mean absolute 
scaled error.  
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of prolonged mean reversion in agricultural commodity prices 

(55). In the variance equation of the GARCH model, the constant 

term (ω), with a value of 8273.29, indicates a high baseline level of 

volatility in the ginger market. This high value suggests that even in 

the absence of significant shocks or external disturbances, the 

ginger market in Meghalaya inherently experiences volatility. This 

aligns with the nature of agricultural markets, which are affected 

by factors such as weather conditions, transportation logistics and 

seasonal supply variations.  

 The ARCH term (α1) has a value of 0, meaning that the 

immediate impact of price shocks on volatility is negligible. 

Essentially, this indicates that short-term shocks do not significantly 

contribute to an increase in volatility. Therefore, sudden changes in 

ginger prices, such as those due to market news or disturbances, do 

not lead to heightened price fluctuations. This is further supported 

by the GARCH term (β1), which has a value of 0.99772. The high  β1 

value suggests long-lasting volatility, indicating that once volatility 

increases, it remains elevated for an extended period before 

gradually dissipating. This characteristic of persistent volatility 

aligns with the behavior of agricultural markets, where periods of 

price fluctuations tend to be prolonged due to unpredictable 

external factors. 

 In summary, the AR (1) term demonstrates that ginger 

prices are strongly influenced by their own past values, indicating 

persistent price trends. The high β1 value suggests that once 

volatility is triggered by market conditions or external factors, it 

will remain elevated for a considerable duration. The low α1 

value indicates that short-term shocks do not significantly affect 

volatility, reinforcing the notion that volatility is driven by more 

persistent factors. Given the strong persistence in both price 

trends and volatility, the GARCH (1, 1) model is well-suited to 

capturing the fluctuating nature of ginger prices in Meghalaya. 

This model allows for more accurate forecasting by accounting 

for extended periods of price instability, making it an effective 

tool for understanding and predicting ginger market dynamics. 

The forecasted values for the price of ginger indicate a 

decreasing trend for the next five months, from March 2024 to 

July 2024, following the GARCH forecast. 

 Furthermore, the study observed negative price trends 

for dried ginger in the months of January, February, June, July, 

November and December, indicating reduced market feasibility 

during these periods due to potential gluts in rural markets (56). 

This finding aligns closely with the results of the present study, 

which also identified negative trends in ginger prices in 

Meghalaya. The observed declining trends can be attributed to 

limited market incentives and the lack of effective market 

support for rural farmers and marketers, leading to reduced 

prices during these months. Both studies emphasize the need for 

targeted interventions to address the volatility of ginger prices. 

Enhancing the dissemination of information on prices, supply 

and demand at the local level is particularly crucial.  

 Providing farmers and traders with timely and accurate 

market data can help them better anticipate market conditions, 

optimize their marketing strategies and mitigate the risks 

associated with seasonal gluts and price declines. Additionally, a 

study in Nigeria revealed the existence of seasonality in the price 

series of both tomatoes and dried ginger in the market (56). This 

finding is consistent with the present study, which also identified 

significant seasonal patterns in the pricing of ginger. The 

seasonal fluctuations in prices suggest that certain periods 

within the year experience higher or lower prices due to factors 

such as supply variations, market demand and potential gluts or 

shortages.  

 The findings from the present study on ginger prices in 

Meghalaya align with broader patterns observed in related 

agricultural commodities, underscoring the interplay of market 

dynamics, seasonality and regional factors. In the recent past, 

the ginger market has exhibited pronounced price volatility, 

 Table 10. GARCH (1, 1) forecasted values  

Period Point forecast Low 95 % High 95 % Low 99 % High 99 % 
March 2024 11910.09 9090.348 14729.84 8204.142 15616.05 
April 2024 11648.14 8825.974 14470.31 7939.007 15357.27 
May 2024 11399.34 8574.764 14223.92 7687.039 15111.65 
June 2024 11163.04 8336.057 13990.02 7447.576 14878.50 
July 2024 10938.61 8109.225 13767.99 7219.991 14657.22 

 

Fig. 4. Actual price versus predicted market price of ginger given by the model GARCH (1, 1).  
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which has escalated the financial risk borne by producers. This 

increased uncertainty has likely influenced farmers' production 

decisions, resulting in a downward trend in cultivated area and 

output. Such dynamics have also been empirically observed in 

the context of Meghalaya (57). Moreover, anticipatory price 

forecasting of ginger has proven instrumental in supporting 

policy interventions aimed at market stabilization and has 

become an essential component of effective agricultural market 

intelligence systems. Comparable implementations have been 

documented in China as well as in Delhi, Patna and Rajkot (48, 

49). Following proper identification and diagnostic procedure, 

models were identified based on stability with maximum 

iterations as the first phase of finding candidate models.  

 

Conclusion  

This study applied advanced time series model-ARIMA, ARIMAX and 
GARCH-to forecast monthly ginger prices in Meghalaya using a ten-

year dataset (2014-2024). Diagnostic assessments for stationarity, 

autocorrelation and seasonality guided model selection. Among 

the models tested, the GARCH (1,1) model outperformed others, 

capturing both price dynamics and volatility with significant 

autoregressive (AR1 = 0.94978) and volatility persistence (β₁ = 

0.99772) coefficients. Forecasts for March to July 2024 showed a 

declining price trend from ₹11910 to ₹10938, underscoring market 

instability and the need for policy intervention. While ARIMA models 

were adequate for level forecasting, they failed to capture volatility, 

a key factor affecting farmer’s income and decision-making. To 

strengthen policy relevance, the study proposes actionable 

interventions. To strengthen policy relevance, the study proposes 

actionable interventions.  

 The Ministry of Agriculture and Farmers’ Welfare, 

Government of India (2025) reports that the agriculture 

infrastructure fund provides financial assistance for developing 

storage, cold-chain and post-harvest facilities aimed at reducing 

losses and stabilizing prices. Additionally, the digital agriculture 

mission, launched by the same ministry in 2024, promotes 

platforms such as Agri Stack and e-NAM to enhance market 

intelligence, digital access and real-time price forecasting for 

farmers. In line with collective marketing objectives, the ministry 

also highlights the establishment of 8875 farmer producer 

organizations (FPOs) across the country under a dedicated scheme 

to improve aggregation, market access and bargaining power of 

smallholder farmers. Furthermore, revised guidelines on minimum 

support prices (MSP), as published in June 2024, reaffirm the 

government's commitment to safeguarding farmer incomes by 

aligning price floors with production costs. Together, these 

measures create a resilient and responsive agricultural marketing 

ecosystem. Integrating these national schemes with region-specific 

planning in Meghalaya can mitigate price volatility, enhance market 

access and support sustainable income security for ginger farmers.   
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