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ABSTRACT 

	Aims: This study aimed to forecast rice prices in Bangladesh by identifying the most suitable Autoregressive Integrated Moving Average (ARIMA) model, thereby providing insights for policymakers, researchers, and farmers.
Study design:  Quantitative time series analysis using Box–Jenkins ARIMA methodology.
Place and Duration of Study: The study utilized national-level secondary data from Bangladesh, spanning the period from 1991 to 2021. This period was selected because it represents the most consistent and reliable annual rice price dataset available from FAOSTAT, while also capturing major economic reforms, trade liberalization, and structural changes in the rice sector.
Methodology: Annual wholesale rice price data (USD/metric ton) were obtained from FAOSTAT (2023). Stationarity of the series was tested using the Augmented Dickey–Fuller and Phillips–Perron tests. The Box–Jenkins ARIMA approach was employed, involving model identification, estimation, diagnostic checking, and forecasting. Model selection was based on the statistical significance of coefficients, correlogram analysis, and residual diagnostics. Forecasting was conducted using STATA 14 software.
Results: The rice price series was found to be non-stationary but achieved stationarity after first differencing. The ARIMA (2,1,0) model was selected as the best-fit model. Residual diagnostics confirmed model adequacy. Forecasts for 2022–2031 indicated a generally upward trend in rice prices, with minor deviations between actual and predicted values.
Conclusion: The ARIMA (2,1,0) model provides a reliable framework for medium-term rice price forecasting in Bangladesh. Given rice’s central role in national food security and household consumption, these forecasts are valuable for policy formulation on procurement, import planning, and farmer decision-making regarding crop allocation and storage. However, future studies could incorporate seasonal and external economic factors to improve accuracy.
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1. INTRODUCTION 

Bangladesh's economy primarily depends on agriculture, contributing to about 11.50% of the gross domestic product (BBS, 2022). By 2050, there will likely be about 200 million more people on the earth. Urban residents will make up half of this enormous population (BBS, 2015). According to BBS (2022), the average daily consumption of rice, as a staple food, is approximately 328.9 grams, making it the third most commonly consumed food. The country ranks as the world’s third-largest rice producer, after India and China, with an annual production of 36.6 million tons, accounting for 7% of global supply (USDA, 2024). Table 1 shows the distribution of global rice production among the top ten producers. India contributes the largest share (28%), followed closely by China (27%). Together, these two countries account for over half of the world’s rice production. Bangladesh, though ranking third, produces substantially less than India and China, which highlights the importance of efficiency gains and price stabilization in its rice sector. Other major producers include Indonesia (6%), Vietnam (5%), and Thailand (4%), while the Philippines, Myanmar, Pakistan, and Cambodia each contribute around 2%.
	Table 1: List of top ten rice-producing countries

	Country
	% of Global Production
	Total Production (2024/2025, Metric Tons)

	India
	28%
	150 million

	China
	27%
	145.28 million

	Bangladesh
	7%
	36.6 million

	Indonesia
	6%
	34.1 million

	Vietnam
	5%
	26.95 million

	Thailand
	4%
	20.55 million

	Philippines
	2%
	12.37 million

	Burma
	2%
	11.9 million

	Pakistan
	2%
	9.72 million

	Cambodia
	2%
	8.47 million


    (Source: USDA, 2024)
This global ranking underscores Bangladesh’s importance as a major rice producer, while also highlighting its comparative vulnerability. Unlike India and China, Bangladesh does not achieve large production surpluses and often relies on imports to stabilize domestic supply. For instance, the private sector imported nearly 1.5 million tons of rice in 2014–15 to meet local demand (BBS, 2016). As a result, even moderate production shocks or shifts in global prices can destabilize Bangladesh’s rice market.

Rice price volatility has significant implications for Bangladesh’s economy. Fluctuations create uncertainty in farm earnings, discourage investment, and slow agricultural growth. Because production is highly dependent on natural factors such as weather, pests, and diseases, supply shocks often translate into large price swings. At the household level, rice dominates food expenditure: rural households in the poorest 40% spend about 35% of their budget on rice and wheat, while urban households spend about 25%. With per capita rice consumption at 170 kg annually, one of the highest in the world (BBS, 2023), any increase in price severely affects food security. Indeed, FAO has reported that past rice price increases pushed more than 4 million people into poverty. Global market pressures and the biological characteristics of agriculture, where yields vary annually and products are often perishable, further amplify this volatility (Tomek & Robinson, 1977).
The lagged correlation is particularly significant in the field of agriculture. There are lags between the moment a decision is made to produce something and when the final result is achieved. Prolonged periods of relatively high or low prices might occur due to the farmers' inability to swiftly react to changes in price signals, which is caused by their instability. Based on the USDA (2023) report, the retail price of rice increased to BDT 51.35 ($0.45) per kilogram, representing a 1.3% rise compared to the previous month. Since October 2023, the price of rice has been rising due to significant inflation and increased transportation costs (USDA, 2023). Previous studies in Bangladesh have investigated rice production and price fluctuations using different statistical and econometric approaches (Sabur & Haque, 1993; Hassan et al., 2014; Karim et al., 2014; Raha et al., 2013; Khushi et al., 2018; Parvin, 2022). However, most analyses either focused on coarse rice or examined older datasets, limiting their relevance to the current market context. Very few studies have applied updated national-level data to forecast rice prices using robust time series models such as the Autoregressive Integrated Moving Average (ARIMA). Given the central role of rice in the Bangladeshi economy, accurate forecasting of its price is crucial for informed decision-making. The government regularly intervenes in rice markets through procurement, import regulation, and subsidy programs. Reliable price forecasts can enhance the effectiveness of such interventions, while also supporting farmers in making strategic decisions regarding production, storage, and marketing.
This study aims to forecast rice prices in Bangladesh using the ARIMA model and national data from 1991–2021. By identifying the most appropriate ARIMA specification, the study provides a framework for anticipating future price movements, with implications for food security, agricultural planning, and market stabilization policies.


2. Existing Literature on forecasting the price of rice

Despite the importance of rice in Bangladesh’s economy, relatively few studies have rigorously forecasted its price using updated national-level data. The existing literature demonstrates varied applications of ARIMA and related models to agricultural commodities, but most studies on Bangladesh either focus on coarse rice categories, production rather than price, or rely on outdated datasets.
Recent studies on rice price forecasting in Bangladesh highlight the growing application of econometric and machine learning (ML) approaches to capture volatility and provide reliable projections. Imran et al. (2022) incorporated meteorological variables into ML algorithms for retail rice price prediction and found that advanced models outperformed simpler statistical approaches. Similarly, Bhattacharjee et al. (2021) combined ARIMA and ML models to forecast prices of Aus, Aman, and Boro rice between Dhaka and Delhi, demonstrating the feasibility of hybrid forecasting frameworks. Hassan et al. (2020) predicted Bangladeshi rice prices using Ministry of Agriculture data and ML algorithms like SVM, kNN, Naive Bayes, decision tree, and Random Forest. They found the finest rice price prediction algorithm.
Beyond ML-based approaches, time-series econometric studies remain influential. Ahmed (2025) examined staple price volatility using GARCH-type models and revealed frequent spikes in Dhaka rice prices, underscoring the importance of accounting for volatility in forecasting models. Alam et al. (2022) analyzed wholesale rice market integration using cointegration and VECM models, finding significant spatial linkages across regional markets, which have implications for multi-market forecasting. At the policy level, Minot et al. (2024) applied a stochastic spatial-equilibrium model to simulate monthly rice prices across eight Bangladeshi regions, demonstrating how forecasts can inform stabilization policies and import decisions.  Anjela (2016) developed a sophisticated method to anticipate agricultural crop prices and yields based on climate, inflation, and other factors. The weighted linear regression model predicts Bangladeshi rice prices with 78.75% accuracy by weighting recent data, helping agricultural decision-making. Hassan et al. (2013) used the newest selection criteria to create a deterministic time series model that best described Bangladesh's coarse rice price pattern from July 1975 to December 2011. It was found that the cubic model anticipated Bangladeshi coarse rice prices from July 1975 to December 2011 with growth rates of 0.68% to 4.03%. Hassan et al. (2014) created seasonal autoregressive integrated moving average (SARIMA) models using monthly data gathered from July 1975 to December 2011. The SARIMA (1,1,1) (0,1,1) model has been determined to be the most appropriate model based on its lowest root mean square error (RMSE) value of 61657, normalized Bayesian Information Criteria (BIC) value of 8300, and Mean Absolute Percent Error (MAPE) value of 3906. Sabur and Haque (1993) examined the trend, seasonal, and cyclical fluctuations of Mymensingh town market rice retail and wholesale prices and forecasted future prices using the ARIMA model. It was found that, as rice prices have varied since independence, arima model price forecasts for the entire period perform poorly. Rahman et al. (2016) predicted the rice cultivation area and yield in Bangladesh. The Box-Jenkins autoregressive integrated moving average (ARIMA) time-series model was used to simulate and project the country's Aus rice area and production data from 1971-72 to 2013-14. The ARIMA (1, 1, 5) and ARIMA (1, 1, 4) models outperformed other ARIMA models in estimating the Aus area and production, respectively. In 2014-15 and 2023-24, the projected rice areas were 1041.12 and 499.31 thousand hectares, while the estimated production was 2059.642 and 1781.545 thousand metric tons, respectively. Utilizing the ARIMA model, Hossain et al. (2006) predicted the prices of three types of pulses (motor, mash, and mung) in Bangladesh using monthly data from January 1998 to December 2000. Rachana et al. (2010) forecasted the production of pigeon pea in India using annual data from 1950-1951 to 2007-2008. Mandal (2005) predicted the future sugarcane yield in India using the ARIMA model; Iqbal et al. (2005) predicted the size and yield of wheat in Pakistan. Khin et al. (2008) predicted the future price of natural rubber in the global market. Darekar et al. (2015) predicted the prices of onions in the Lasalgaon and Pimpalgaon markets. Assis et al. (2010) predicted the prices of cocoa beans in Malaysia, using univariate time series models. Sharma et al. (2014) verified the appropriateness of using Box-Jenkins univariate ARIMA models for predicting soybean prices. Paul (2010) sought to anticipate inland fish production in India using the ARIMA technique. Awal and Siddique (2011) examined the best ARIMA model for Bangladeshi Aus, Aman, and Boro rice production predictions. It was found that ARIMA (4,1,4), ARIMA (2,1,1), and ARIMA (2,2,3) were the best models for Aus, Aman, and Boro rice production, respectively. Arima models exceeded deterministic models in short-term forecasts. Rice production uncertainty can be reduced by forecasting and preventing losses.
The studies mentioned above have had an impact on the execution of this investigation, as there has been no previous research on predicting the price of rice in Bangladesh using the ARIMA model with updated data from 1991 to 2021. All components of this study were not new, but they would be an improvement over previous ones due to the utilization of the latest data.

3. materialS and methods 

3.1. Data source

The study utilized secondary time series data on rice prices in Bangladesh from 1991 to 2021. The yearly wholesale prices of rice (measured in USD per metric ton) from 1991 to 2021 were collected from FAOSTAT (2023). The study period of 1991–2021 was selected for three main reasons. First, FAOSTAT provides consistent, continuous, and nationally representative rice price data for Bangladesh beginning in 1991, making it the longest reliable dataset available. Second, this 31-year window captures major structural and policy changes in Bangladesh’s rice sector, including trade liberalization in the 1990s, government procurement and subsidy reforms, and more recent market shocks. Finally, using a long time series improves the robustness of ARIMA estimation by ensuring sufficient data points to detect patterns, test for stationarity, and generate reliable medium-term forecasts. These secondary data were employed in the analysis process to meet the objectives of the study. Equilibrium-spaced univariate time series data were analyzed and forecasted using the ARIMA model. An ARIMA model predicts a response time series value as a linear mixture of its own past values. Box and Jenkins (1976) were the ones who originally popularized the ARIMA technique, and ARIMA models are frequently referred to as Box-Jenkins models. The ARIMA analysis in the study was divided into four phases.

3.2 Autoregressive integrated moving average model

The Autoregressive Integrated Moving Average (ARIMA) model was employed in this investigation.
The model AR (p) can be expressed as
                                                            (1)
The MA (q) model can be written as
                                                                  (2)
The ARMA (p, q) model, which combines the AR (p) and MA (q) models, is expressed as follows:
            (3)  
The actual value and random error at time period t are represented by Yt and  respectively; where the model parameters are  (i=1,2,3,…….,p) and  (j=1,2,3,……..,q). The terms order of autoregressive and moving average, respectively, relate to the integers p and q. It is assumed that the random error term  are independently and identically distributed (i.i.d.) with mean zero and constant variance .
The following form can be used to express the ARMA (p, q) model using the backward shift operator.
The following form can be used to express the ARMA (p, q) model using the backward shift operator.
                                                                                         (4)
Where   and  
We used differencing to transform a non-stationary time series into a stationary one. Consider the ARIMA (p, i, q) model as follows if i is the order of the difference series:

                                                                                        (5)

[bookmark: _Toc165213921]3.3 Box-Jenkins ARIMA approach

The three modeling stages, identification, estimation, and diagnostic checking, suggested by Box and Jenkins were used to estimate the ARIMA model. First, we used the time series plot, autocorrelation function (ACF), and unit root test to determine whether the original data was stationary before identifying the model. If the series is not stationary, we must vary the series until it becomes stationary. The ACF (autocorrelation function) and PACF (partial autocorrelation function) of the stationary series were used to determine the order of the ARIMA model's Autoregressive (AR) process and Moving Average (MA) process once the time series has reached stationarity. The integrated (I) process is responsible for rendering the data stationary or stable. The least squares method was used to estimate the model. The model residual analysis was carried out during the diagnostic checking stage.
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[bookmark: _Toc165213922]Figure 1: Stages of the Box-Jenkins approach.

3.4 Model selection criteria

To choose the best ARIMA model, we checked the Dickey-Fuller and Phillips-Perron unit root tests. The Partial Auto-Correlation Function (PACF) was used to choose the proper order for the autoregressive terms (AR), and the Auto Correlation Function (ACF) was used to figure out the appropriate order for the moving average terms (MA).

3.5 Forecasting stage

Future values of the time series were forecasted. Time series analysis, ARIMA model development, and rice price forecasting were conducted using STATA 14TM programming software. In many different contexts where models for discrete time series and dynamic systems need to be constructed, these techniques have also proven helpful (Granger and Newbold 1970). 
ARIMA modeling was used by Ansari and Ahamed (2001) to analyze time series data on global tea prices and export prices from industrialized nations. The ARIMA model was employed by Nochai and Titida (2006) to forecast the price of oil palm. The prices of wheat in Bangladesh were predicted by Rabbani et al. (2009). The ARIMA model was applied to forecast CPI by Mia et al. (2019). Hamja et al. (2013) employed the Auto-Regressive Integrated Moving Average (ARIMA) model to predict the rice yields in Bangladesh. The optimal ARIMA models identified for Aus, Aman, and Boro productions were ARIMA (2,1,2), ARIMA (2,1,2), and ARIMA (1,1,3), respectively. Parvin (2022) investigated short and long-run determinants of rice production using ARDL and forecast production through combined ARIMA-GARCH models.

[bookmark: _Toc165213925][bookmark: _Hlk207299887]4. RESULTS AND DISCUSSION

[bookmark: _Toc165213926]4.1. Stationary Test and Model-identification

Determining the proper values of (p,i,q) was the main focus in the identification of the model. The process involved monitoring the values of the Partial Auto Correlation Function (PACF) and Auto Correlation Function (ACF). The Partial Auto-Correlation Function (PACF) was used to choose the proper order for the autoregressive terms (AR), and the Auto Correlation Function (ACF) was used to figure out the appropriate order for the moving average terms (MA).
In order to determine the correct order for AR and MA, we first determine whether the series is stationary. The series' stationary nature is investigated using the time series plot, the augmented Dickey-Fuller, and the Phillips-Perron test. As can be seen in Figure 2(a), the initial rice price series in Bangladesh was non-stationary since its mean was not constant over time and the series was rising with respect to time. It was also evident that the series lacked seasonality.

	[image: ]

	Fig 2(a): Original series 

	[image: A graph with a line

Description automatically generated]

	Fig 2(b): 1st difference series


[bookmark: _Toc165213927]Figure 2: Time series plot of rice price in Bangladesh

The Phillip-Perron test and the Augmented Dickey-Fuller (ADF) test were also used to validate this. Table 2 indicates that the series was non-stationary for the original series because the MacKinnon p-value for ADF and Phillips-Perron tests were more than the 5% significance criterion. The trend component of the original series should be taken out to obtain stationarity.
It could be accomplished by applying the differencing method. Given that the mean remains constant over time and the trend lacks a systematic structure, the first difference of the original series is stationary (see Figure 2(b)). Table 2 indicates that the series' first difference became stable as the MacKinnon approximate p-value for the ADF and Phillips-Perron test were less than the 5% significance criterion.

[bookmark: _Toc165212753][bookmark: _Toc165213476][bookmark: _Toc165213928]Table 2:MacKinnon aooroximate P-Value (ADF test and  Phillips-Perron test)
	Series
	ADF test
	Phillips-Perron test

	Original
	0.4496
	0.5063

	1st order
	0.0069
	0.0120



The next stage in fitting an ARIMA model was figuring out how many AR or MA terms were required to rectify any autocorrelation that remains in the first differencing after the series has been made stationary by the first differencing. The ACF and PACF plots of the first differenced series could therefore be used to estimate the order of AR and/or MA components that were required to fit a model. Since we obtained a stationary series following the first difference, the order of i has to be 1. The sample ACF of the first difference series, which was displayed in Figure 3, made it clear that the dominant spikes at lag 2 were statistically significant. But for PACF, there was no significant lag seen in the graph. So, our best-fitted model was (2,1,0).
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[bookmark: _Toc165213929]Figure 3: ACF and PACF plot of 1st difference of rice price series.

Therefore, the optimal approximative model was ARIMA (2, 1, 0), which we utilized for our forecasting. The ARIMA (2, 1, 0) model's OLS results were displayed in the table below (Table 3).
[bookmark: _Toc165213477][bookmark: _Toc165213930]Table 3: OLS results of ARIMA (2, 1, 0) model.
	Type
	Coefficient
	Standard Error
	Z
	P>Z

	Constant
	4.44581
	4.38763
	1.01
	0.311

	AR-1
	-0.00138
	0.481185
	0
	0.998

	AR-2
	-0.51428
	0.180731
	-2.85
	0.004 (Significant)



[bookmark: _Toc165213931]4.2 Diagnostic Checking
Figure 4 displays correlograms of the residuals of the ARIMA (2, 1, 0) model. Upon examination, it is seen that there were no notable spikes. The residual plot indicated that there was no serial correlation and that the models were adequate.  As a result, it was successful to choose the ARIMA (2,1,0) as a precise model for predicting Bangladesh's rice price
	[image: ]


[bookmark: _Toc165213932]Figure 4: Correlogram plots of residuals of ARIMA (2, 1, 0) model.

[bookmark: _Toc165213933]4.3 Forecasting

The technique of predicting the future using data from the past, present, and examination of trends is known as forecasting. We have determined that the ARIMA (2, 1, 0) model was the most effective model for predicting Bangladesh's rice price. The following table 4 shows the rice price forecast for Bangladesh using the ARIMA (2, 1, 0) model for the years 2022 through 2031. It has been seen that the prices of rice have been increasing over time.

[bookmark: _Toc165212756][bookmark: _Toc165213480][bookmark: _Toc165213934]Table 4: Forecast values of rice price using ARIMA (2,1,0)
	Year
	Forecasted Price (USD/metric ton)

	2022
	293.5345

	2023
	262.5695

	2024
	266.9157

	2025
	289.5727

	2026
	294.0446

	2027
	289.1248

	2028
	293.57

	2029
	302.8324

	2030
	307.2719

	2031
	309.2406



Figure 5 illustrates the comparison between observed and predicted values, revealing minor discrepancies between the actual and forecasted prices of rice in Bangladesh. The forecasted values exhibited an upward trend in future years. Consequently, it can be inferred 
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[bookmark: _Toc165213935]Figure 5: Forecasted vs observed price of rice in Bangladesh

that the ARIMA (2, 1, 0) model provides an appropriate fit for the data. From the above explanation, it was evident that farmers can make decisions about rice area allocation for the upcoming season and marketing with the assistance of such forecasts of future rice prices. In addition, farmers have the option to decide whether to sell their stored rice right away or later.

[bookmark: _Toc165213936]5. CONCLUSION

The analysis used past annual prices from 1991–2021 to anticipate rice prices for the years 2022–2031. To forecast prices, the study used the ARIMA model. Like any other approach, there is no guarantee of perfect projections while using this one. The model is useful nonetheless, and it has been applied to future predictions with success. Amera (2002), Hamja et al. (2013), Darekar et al. (2015), and Jalikatti & Patil (2015) forecasted and made inferences about the arrivals and prices of agricultural commodities using a similar approach. The only data needed for extrapolation in the ARIMA model is the historical time series for the variable being studied. The price projections of the ARIMA model indicated that the price will rise in the upcoming years. As a result, an expansion of the rice production area and its sale in the appropriate markets can be planned well. Since this estimate is based on historical data and a model, the actual market price may differ from what is predicted.

Definitions, Acronyms, Abbreviations
ARIMA: Autoregressive Integrated Moving Average (a stochastic time series model used for forecasting).

SARIMA: Seasonal Autoregressive Integrated Moving Average (an extension of ARIMA that accounts for seasonality).

ADF Test: Augmented Dickey–Fuller Test (a statistical test for checking stationarity in time series data).

PACF: Partial Autocorrelation Function (used to identify the order of autoregressive terms in ARIMA modeling).

ACF: Autocorrelation Function  (used to identify the order of moving average terms in ARIMA modeling).

BBS: Bangladesh Bureau of Statistics  (the national statistical agency of Bangladesh).

FAOSTAT: Food and Agriculture Organization Statistical Database (a global statistical data platform maintained by FAO).

USDA: United States Department of Agriculture (a U.S. federal agency that provides global agricultural statistics).

MMT: Million Metric Tons (a unit of measurement for large-scale agricultural output).

RMSE: Root Mean Square Error (a measure of forecast error in statistical modeling).

MAPE: Mean Absolute Percentage Error (a percentage-based measure of forecast accuracy).
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