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Abstract

Rice plays a crucial role globally, as it is widely
consumed across nations. Therefore, studying
rice prices is vital, since fluctuations in the price
can affect both its consumption and availability.
This study analyzes time-series models using an
international dataset. = After preprocessing, the
dataset comprises 71,856 samples and eight input
features from six countries. The original dataset
contained 300,816 rows and 23 columns. This
study aims to predict rice inflation rates using
time series models such as ARIMA, LSTM, and
BiLSTM. The ARIMA model achieved the best
combination of values (4,1,4)(0,0,0). Various
statistical techniques that calculate inflation rates
require expert knowledge and are time-consuming.
However, with the advancement of intelligent
computing and machine learning models, the rice
inflation rate can now be predicted efficiently. These
models play a vital role in managing unjustified
surges in global rice prices.
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1 Introduction

Rice, often referred to as the "staff of life," is a
crucial crop and primary nutrient source worldwide,
and the stability of its price is central to food
security in developing countries [1, 2]. Surges
in global food prices, driven by supply shocks
and structural vulnerabilities, have repeatedly
threatened food security in low-income nations [3],
underscoring the urgency of accurate price prediction
for staple commodities such as rice. = Machine
learning approaches such as LSTM with systematic
hyperparameter optimization have demonstrated
strong performance in rice price forecasting tasks [4],
further motivating the adoption of deep learning
models in the present study. Similar to other
agricultural commodities, fluctuations in the price
of rice directly affect its consumption patterns and
market availability. This study analyzes the rice
inflation rates in six countries (Nigeria, Philippines,
Iraq, Yemen, Congo, and Chad) and explores potential
future trends in rice inflation. The ARIMA, LSTM,
and BiLSTM models [5-7] were used to predict the
inflation rate of rice. The opening, highest, lowest, and
closing prices of rice are determinants of the inflation
rate. Given the importance of rice crops, it is essential
to predict the inflation rate so that prices can be
maintained accordingly [8, 9]. Recently, fluctuations
in rice crop prices have been observed worldwide.
For example, in July 2023, India imposed export
restrictions on non-basmati white rice, disrupting the
global market. Thai white rice price increased by over
20% by early August 2023 [10].
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In the Philippines, rice inflation reached 24.4%, with
a rate increasing since 2009 [5]. The steep rise in the
prices of food items in Nigeria can be gauged from
the fact that the prices of rice have risen sharply from
737.11 Naira in August 2023 to 1,831.05 Naira in August
2024, reflecting a cumulative increase of approximately
148.7% over this period. These trends highlight the
importance of accurately predicting rice inflation in
order to ensure price stability.

Traditionally, calculating inflation rates relied
on statistical techniques that demanded expert
knowledge. However, owing to advancements in the
computing domain, machine learning techniques
enable the prediction of rice prices at the global
level and forecast inflation rates. The advantage of
these predictive models is that they can help prevent
unjustified surges in global rice price.

1.1 Motivation of the Proposed Work

Most research has been conducted on rice production,
its types, disease detection, and the import or export
of rice for a specific country, market, and region.
However, due to the limited scope of these studies,
their findings are not applicable at the international
level.  Various international organizations and
researchers have empirically investigated vegetable
prices such as tomatoes, potatoes, soybeans, and
onions using ARIMA, GARCH, FIGARCH, and
artificial neural networks. No analysis in the literature
on rice crops has been based on the international
inflation rates of various countries. Rice is a crop
consumed internationally, therefore, the inflation rate
must be analyzed to ensure its worldwide availability.
The proposed model contributes by analyzing the time
series data of six countries with the help of ARIMA,
LSTM, and BiLSTM models to predict the international
rice inflation rate.

1.2 Contribution of the Proposed Work

e Most studies are based on domestic datasets that
represent the specific domains of a particular
country and market such as: Uttarakhand,
Dehradun, Haldwani Mandi, Delhi market,
Aligarh, Madhya Pradesh, Maharashtra,
Rajasthan, Karnataka, Gujarat, Keshopur,
Azadpur markets, Shahdra, Agra, Mumbai,
Bengaluru, Ahmedabad, Haryana, and Nigeria.
The results of these price analyses cannot be
applied at the international level. In contrast,
our dataset analyzes the rice inflation rate at an
international level.

e Prior research has focused on potato, soybean,
cabbage, bok choy, watermelon, and cauliflower
prices. Some researchers have found the effect
of seasons on the prices of a particular crop or
vegetable, but none of these predict the inflation
rate.

e Existing studies have defined the relationship
between the arrivals and prices of agricultural
commodities such as vegetables and grains.
Background studies are based on GARCH,
ARIMA, ANN, TDNN, Wavelet-ANN, IGARCH,
FIGARCH, LSTM, BiLSTM, Partial Least Squares
(PLS), ETS-ANN, ETS-LSTM and ETS-SVM
models to determine the relationship between
commodity availability and prices, and to evaluate
model suitability for short- and long-term
predictions. None of these studies predict the
inflation rate at an international level.

e Food price prediction can be effective only when
it is based on an international dataset, which was
missing in previous work.

Thus, all of the above research gaps motivate the
current study to produce novel results and contribute
to crop price prediction.

The paper is structured as follows: Section 1 provides
the Introduction and also covers the motivation and
contribution of the proposed work. Section 2 outlines
the Literature Review; Section 3 outlines the dataset
details, and proposed technique; Section 4 presents the
Experimental Results. Section 5 discusses the results.
The Conclusion and Future Scope are discussed in
Section 6.

2 Literature Review

Literature [11] analyzed time-series datasets: sunspot
data, Lynx trapping data, and exchange rate data.
Each dataset contains both linear and nonlinear
characteristics. Neither ARIMA nor ANNs alone
were sufficient for predicting time-series analysis. The
study suggests that combining dissimilar models can
reduce the uncertainty and prediction errors of the
ensemble model. The ensemble model exhibits a
lower generalization variance. The overfitting problem
commonly associated with neural network models can
be mitigated by initially fitting an ARIMA model.

Literature [12] investigated agricultural commodity
price forecasting using ARIMA and GARCH models.
The study demonstrated that while ARIMA produces
acceptable forecasts under stable conditions, it
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struggles to capture time-varying volatility inherent in
commodity price series—a limitation that motivates
the adoption of deep learning models such as
LSTM and BiLSTM in the present study, which are
better equipped to handle the nonlinear and volatile
dynamics of international rice inflation data.

Literature [13] compared ARIMA, LSTM, CNN-LSTM,
and the Prophet forecasting tool for predicting
wholesale food prices using data from an Italian
food wholesaler. The study found that ARIMA and
LSTM perform similarly on this forecasting task, while
the combination of CNN and LSTM achieves the
best overall accuracy at the cost of longer tuning
time. Prophet was found to be easy to use but
considerably less accurate than the other models.
These findings provide a direct methodological basis
for benchmarking ARIMA against LSTM-based deep
learning models, as adopted in the present study.

Literature [14] examined the dynamic relationship
between rice price and inflation in the Philippines
using a panel vector auto-regression model with
monthly data for 17 regions from 2007 to 2019. The
results indicate that the effect of rice price shocks
on inflation is larger and more persistent than the
effects of fuel prices and remittances. The impulse
response functions further reveal that the inflationary
response to rice price shocks varies by regional poverty
incidence, underscoring the critical role of rice price
stability in food policy planning.

Literature [15] examined the impact of eight global
explanatory variables on world food prices using
monthly data from January 1991 to May 2021.
Machine learning algorithms were compared against
time series econometric models across multiple food
commodities including rice. The results show that
machine learning algorithms outperform time series
econometric models, with Multi-layer Perceptron
identified as the best-performing model. = The
study further found that lagged global food prices,
raw material prices, and fertilizer prices are the
most significant predictors of global food prices,
underscoring the importance of international-level
modelling for food price and inflation forecasting.

Literature [16] compared the ARIMA and
Holt-Winters  Exponential Smoothing models
for forecasting monthly wholesale rice prices in
Tanzania. The best-fit ARIMA model was identified
based on the minimum Akaike Information Criterion
(AIC). The results indicate that, while the difference
is marginal, the Holt-Winters additive model slightly
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outperforms ARIMA for rice price forecasting. The
study concludes that both models are suitable tools for
forecasting agricultural commodity prices, and that
accurate rice price forecasts can meaningfully support
farmers’ investment decisions and policymakers’
market interventions.

Literature [17] conducted an extensive review
of ARIMA and machine learning approaches for
time series forecasting across multiple application
domains including finance, health, utilities, and
agriculture. The review demonstrates that machine
learning algorithms, particularly deep learning
models, outperform ARIMA in most forecasting
tasks, while hybrid statistical-Al models consistently
surpass their individual components by leveraging the
complementary strengths of both paradigms. These
findings provide a strong methodological rationale for
employing ARIMA, LSTM, and BiLSTM in parallel, as
adopted in the present study.

Literature [18] proposed a hybrid ARIMA-LSTM
model in which a random forest algorithm selects
the optimal input lags for the LSTM component.
The hybrid model was benchmarked against ARIMA,
ARIMA-GARCH, and standalone LSTM on volatile
monthly agricultural price series. The results showed
that the hybrid model reduced RMSE by 8-25% and
MAPE by 2-28% relative to the conventional statistical
models, confirming that combining linear statistical
modelling with deep learning is particularly effective
for skewed and volatile price data—a property shared
by the international rice inflation series analyzed in
the present study:.

Literature [19] investigated price forecasting for widely
consumed grains in Nigeria, including local rice and
imported rice, using data spanning January 2017 to
June 2020. Four forecasting models were evaluated:
ARIMA, Artificial Neural Networks (ANN), Seasonal
Decomposition of Time Series by Loess (STLM),
and a hybrid combination of all three. The results
indicated that ARIMA performed best for imported
rice under stationary conditions, while the hybrid
model was most suitable for local rice due to its ability
to capture varying price trends. The study highlights
the importance of selecting appropriate forecasting
models for specific agricultural commodities in
sub-Saharan African contexts.

Literature [20] examined the predictability of twelve
major agricultural commodity prices for forecasting
both food and headline inflation in Nigeria. Using
the Westerlund and Narayan (2015) estimator to
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account for persistence, endogeneity, and conditional
heteroscedasticity in the predictor series, the study
finds that agricultural commodity prices contain
significant predictive information for Nigeria’s
inflation. Rice is among the commodities investigated,
and Nigeria is one of the six countries analyzed in
the present study, making these findings directly
relevant to the international rice inflation prediction
framework proposed here.

Literature [10] proposed a hybrid SARIMA-LSTM
model (HySALS) to forecast global prices of five key
agricultural commodities—Wheat, Millet, Sorghum,
Maize, and Rice—across multiple developing nations
using data spanning 2005 to 2022. The study
demonstrates that the hybrid approach outperforms
individual models in terms of MAPE. The inclusion
of rice and the international scope of the analysis
make this study directly comparable to the present
framework, and the results confirm that combining
statistical and deep learning models yields superior
forecasting accuracy for globally traded staple crops.

Literature [21] compared five deep learning
architectures for agricultural commodity price
forecasting: basic LSTM, Bidirectional LSTM
(BiLSTM), Stacked LSTM, CNN-LSTM, and
Convolutional LSTM. The study covered five
commodities including rice, wheat, gram, banana, and
groundnut on univariate time series data. The results
demonstrated that deep learning models, particularly
BiLSTM, are capable of capturing complex sequential
dependencies in agricultural price data. The study
confirmed that BiLSTM’s bidirectional architecture,
processing input sequences in both forward and
backward directions, provides superior forecasting
accuracy compared to standard LSTM, making it
well suited to the volatile and nonlinear patterns
characteristic of international commodity price series.

Literature [22] forecasted food price inflation in
Indonesia using a multivariate time series approach
with machine learning models. Monthly data sourced
from the World Bank, covering January 2008 to
December 2024, were employed with input features
including opening, highest, lowest, and closing
prices—the same feature structure adopted in the
present study. Three models were implemented and
compared: Support Vector Regression (SVR), LSTM,
and BiLSTM. Model performance was evaluated using
Root Mean Squared Error (RMSE). The findings
demonstrate that these models are viable tools for
forecasting food price inflation based on international

market price data, providing a directly comparable
methodological baseline for the present study’s
international rice inflation prediction framework.
Literature [9] proposed a hybrid ARIMAX-LSTM
model to predict rice export prices in Thailand. By
combining the linear modelling capability of ARIMAX
with the temporal sequence learning of LSTM,
the hybrid approach achieved superior forecasting
accuracy compared to either model alone. This work
provides a directly relevant methodological precedent
for the present study’s use of ARIMA and LSTM
in capturing both linear dependence and nonlinear
dynamics in international rice inflation data.

3 Material and methods

Initially, the combined dataset contains 300816 rows
and 23 columns. The data source is the World Bank
Microdata Library (downloaded from www.microdata.
worldbank.org), which provides different market-level
food price data. The rice inflation dataset covers the
period 2008-2024, with prices observed at a monthly
frequency. It also contains information regarding
the inflation of 26 types of food consumed in these
countries. Since the use of all these 26 types of food
was not uniform across the world and all six countries,
it was decided to find the inflation rates of only those
food items commonly used in these six countries.

Table 1. Dataset details.

S.no Feature Description
name
1 country Chad, Congo, Iraq,
Nigeria, Philippines,
Yemen
mkt_name Market names
3 year 2008-2024
o_rice Monthly  opening
price
5  h_rice Highest price
achieved
6  l_rice Lowest price point
7 c_rice Closing price
estimate
8 IR _Dollar Inflation rate

Rice is the most widely consumed food item across
all six countries in the dataset, distinguishing it from
other food commodities recorded in the original data.
In the original dataset, prices and inflation rates were
recorded in local currencies{XAF, CDF, IQD, NGN,
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PHP, YER} of a particular country. To determine the
inflation rate of rice, it is necessary to convert the local
currency of all six countries into a common currency
such as the dollar. After that during the preprocessing,
only 71856 rows and eight columns were selected for
the analysis, and all other irrelevant columns and
rows were removed . The resulting dataset covers
rice inflation across six countries—Chad, Congo, Iraq,
Nigeria, Philippines, and Yemen—as summarized in
Table 1.

3.1 Proposed Technique

The proposed data preprocessing and modelling
pipeline is designed to transform the raw international
food price dataset into a clean, stationary time series
suitable for inflation rate prediction. The pipeline
proceeds through four sequential stages as described
below.

In the first stage, the rice inflation dataset is imported
in CSV format from the World Bank Microdata Library.
The structural properties of the raw data are examined
in detail, including the total number of rows and
columns, variable data types, value ranges, and the
presence of missing or anomalous entries. This initial
inspection provides the foundation for all subsequent
preprocessing decisions and ensures full awareness
of the dataset’s scope before any transformation is
applied.

In the second stage, data quality and cross-country
comparability are addressed through three targeted
operations. First, among the 26 food commodities
recorded in the original dataset, only those consumed
consistently across all six countries—Chad, Congo,
Iraq, Nigeria, Philippines, and Yemen—are retained for
analysis, with rice identified as the single commodity
satisfying this criterion at the international level.
Second, the local currency of each country is identified:
the Central African CFA Franc (XAF) for Chad,
the Congolese Franc (CDF) for Congo, the Iraqi
Dinar (IQD) for Iraq, the Nigerian Naira (NGN)
for Nigeria, the Philippine Peso (PHP) for the
Philippines, and the Yemeni Rial (YER) for Yemen.
Third, all local-currency prices are converted into
US dollars using the corresponding exchange rates,
establishing a unified monetary base that enables
direct cross-country comparison of rice inflation
dynamics.

In the third stage, all rows and columns that do
not contribute to the rice inflation analysis are
removed. The original dataset contains 300,816
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rows and 23 columns; after filtering for the six
target countries, the rice commodity, and the eight
relevant feature variables—country, market name, year,
opening price, highest price, lowest price, closing
price, and inflation rate in dollars—the cleaned
dataset comprises 71,856 rows and eight columns.
This dimensionality reduction eliminates noise from
irrelevant commodities and markets, and ensures that
the subsequent modelling stage operates on a focused,
high-quality input.

In the fourth and final stage, the stationarity of the
preprocessed rice inflation time series is formally
assessed using the Augmented Dickey—Fuller (ADF)
test [16]. Stationarity is a prerequisite for ARIMA
modelling and is also beneficial for the stable training
of deep learning models such as LSTM and BiLSTM.
If the ADF test confirms that the series is stationary
at the conventional 5% significance level—that is, the
test statistic falls below the critical value and the
associated p-value is less than 0.05—one of three
forecasting models is selected for implementation:
ARIMA, LSTM, or BiLSTM. These three architectures
are chosen because they collectively span the spectrum
from classical linear statistical modelling to modern
bidirectional deep learning, and have been widely
validated for agricultural commodity price forecasting
in the recent literature [10, 11, 17, 18, 21].

3.2 ARIMA Model

ARIMA is a widely used time-series model. It has three
main parts given below:

e Autoregressive Process(AR) (p): AR(P) is the
first component of the ARIMA model, that shows
the autoregressive Process of order P. This model
uses the dependent relationships between several
lagged observations. It can be written as:

Yi=oYia+aYio+ - +apYip+e (1)

e Degree of difference(I) (d): I (d) is the second
component of the ARIMA model, where (d)
is the difference order. With the help of the
tirst difference, the data can be non-stationary to
stationary.

e Moving Average(MA) (q): The moving average
process MA (q) is the third component of the
ARIMA model. This model uses the dependence
between residual errors and observations, which
are applied to lagged observations, and it can be
written as:

Yi =€+ Bie—1 + Poeg—o + -+ Beer—q  (2)
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Figure 1. Workflow of ARIMA model.

The time series must be stationary in order to
implement the ARIMA model. Therefore, to check the
stationarity property, the Augmented Dickey—Fuller
(ADF) test is applied to the rice inflation data. The
ADF output is based on the p-value. If the p-value
is less than 0.05, Hj is rejected, indicating that the
series is stationary, and the alternative hypothesis
(Hy) is accepted. The detailed ADF test results are
presented in Table 2. The complete workflow of the
ARIMA modelling process, from stationarity checking
to parameter selection and forecasting, is illustrated
in Figure 1. where Y; = current value, a1,...,q, =
AR coefficients, ¢, = white noise, j3i,...,3, = MA
coefficients. The series is shown to be stationary in
Figure 2.

Figure 3 shows that the series data has an ACF plot
showing the strong peaks at regular intervals, which
indicates seasonal patterns in the data.

Table 2. ADF test results for the rice inflation series.

Statistic Value
ADF Statistic —27.4259
p-value 0.0000
Lags used 0
Critical Values
1% —3.430
5% —2.862
10% —2.567

Figure 4 shows the Partial autocorrelation Function,
which is used to estimate the correlation between a
time series and its lagged values. It is also used to
detect seasonality. To find out the minimum Akaike
Information Criterion (AIC), the ARIMA model
was trained and tested across candidate parameter
combinations, and the best-fitted model values are as
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Figure 4. Partial autocorrelation.

Both ACF (Autocorrelation Function) and PACF
(Partial Autocorrelation Function) are used for time
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series model building (ARIMA) based on past values
by identifying how past values affect the future values
at different lags. ACF understands the auto correlation
at various lags and decides the order of the MA model,
where PACF separates the direct correlation between
a variable and its lagged values and determines the
order of the AR model.

3.3 Long Short-Term Memory Networks

LSTM is a recurrent neural network that forms better
neural connections when the input data are sequential.
As the rice inflation time series data are sequential,
LSTM is an ideal deep learning framework that takes
advantage of the sequence input. The gate operations
in LSTM are measured as follows.

The LSTM model can remember the relevant
information for a long time with the help of gates. The
LSTM model is based on four components: (a) Cell
State is used to store and act as a memory. (b) The
forget gate will discard the unimportant information.
(c) The input gate decides which new information
will be added to the cell state. The sigmoid function
o is used to regulate the flow of information in gates.
(d) The output gate will determine which part of the
cell state will be used to generate the output, as shown
in Figure 5.

3.4 BiLSTM Model

The BiLSTM model is an extended LSTM, which
processes the input sequence in both forward and
backward directions. This bidirectional feature allows
the model to capture both past and future information.
Because of this property, this model is suitable for
time series forecasting. The BiLSTM model consists
of two layers. Forward LSTM processes the data
from past to future(left to right), whereas Backward
LSTM processes the data from future to past (right
to left), as shown in Figure 6. The merging layer
is used to combine the output of both forward and
backward layers and share this information with the
output layer for classification or regression. Empirical
studies have confirmed that BiLSTM consistently
outperforms standard LSTM in time series forecasting
tasks owing to its bidirectional processing of sequential
information [23].

4 Results

This study uses data from 2008 to 2024 from six
countries. It is a time series problem as data are

available year and monthly, so to forecast rice price
inflation, ARIMA, LSTM, and BiLSTM models are
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Figure 5. Architecture of LSTM model.
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Figure 6. Architecture of BiLSTM model.

implemented. The stochastic model of that series
determines the best forecast for the future value of
a time series. Stochastic processes are either stable
or unstable. In most cases, time series data are
nonstationary, however, the ARIMA model can be
applied to the stationary time series. A time series is
said to be stationary if its mean and covariance remain
constant over time. If the data are non-stationary,
we need to convert them into stationary data before
implementing time series models.
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Figures 7 and 8 show the training and validation loss
curves of the LSTM and BiLSTM models, respectively.
Both figures indicate that as the number of epochs
increased, the loss decreased steadily, suggesting
effective learning and convergence in minimizing the
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Figure 7. LSTM model loss.
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difference between actual and predicted values.

4.1 Model’s performance evaluation
Mean Absolute Error (MAE):

1 n
MAE = — :— 0
n;:l\y Uil

Root Mean Squared Error (RMSE):

1 n
I 52
RMSE = J - E (yi — Ui)

i=1
Mean Absolute Percentage Error (MAPE):

n

MAPE = 1 Z

n <
=1

Mean Squared Error (MSE):

Yi — Ui
Yi

x 100

n

1 .
MSE =~ (v —4:)*
i=1

Median Absolute Error (MedianAE):
MedianAE = median (|y; — i)
Maximum Error (MaxError):
MaxError = max (|y; — vi|)

Explained Variance Score (EVS):

2

Ly (-9 - =)

EVS=1-— - -
% Zi:l(yi - 9)2

R-squared (R?):
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(3)

(4)

(5)

(7)

(8)

9)

(10)

Adjusted R-squared (R? g

(1—RY)(n—1)
n—p-—1

Ry =1- (11)
where n = Number of observations, p = Number of
predictors, R? = R-squared value, y; = Actual value,
7; = Predicted value, § = mean of actual values

5 Discussion

Table 3 presents the performance metrics of the
ARIMA, LSTM, and BiLSTM models. The deep
learning models (LSTM and BiLSTM) exhibit
significantly lower values in most absolute error
metrics compared to ARIMA. Specifically, LSTM
and BiLSTM achieved MAE values of 0.085 and
0.078, respectively, compared to 0.475 for ARIMA,
indicating that their predictions are generally closer to
the actual values in absolute terms. Similarly, RMSE
(0.129 and 0.124 vs. 0.564), MSE (0.016 and 0.0154 vs.
0.318), and MedianAE (0.045 and 0.039 vs. 0.468) are
notably lower for the deep models, suggesting better
robustness in handling prediction deviations.

Table 3. Performance comparison of ARIMA, LSTM, and
BiLSTM models.

Performance Metrics ARIMA LSTM BiLSTM

MAE 0.475  0.085  0.078
RMSE 0564 0129 0.124
MAPE 253.189 253.189 3752.06

MSE 0318  0.016  0.0154

MedianAE 0.468  0.045  0.039

MaxError 1.847 0.641 0.992

EVS -3.891  0.120  0.194
R-sq. 0914 0.12 0.19
Adj.R-sq. 0913  0.12 0.19

However, the MAPE values are unusually high
across all models (253.189% for ARIMA and LSTM,
3752.06% for BiLSTM). This inflation of MAPE is
likely due to the presence of near-zero or small
inflation rate values in the dataset, which causes
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division by very small denominators and leads to
exaggerated percentage errors—a known limitation of
MAPE when actual values approach zero. Therefore,
MAPE should be interpreted with caution in this
context, and greater emphasis is placed on absolute
error metrics (MAE, RMSE, MSE) and MedianAE.
Notably, ARIMA and LSTM yielded identical MAPE
values (253.189%), which may be attributed to the
dominance of near-zero actual values in driving
percentage errors, rather than reflecting equivalent
model performance in absolute terms. Regarding
variance explained, ARIMA shows substantially higher
R-squared (0.914) and adjusted R-squared (0.913)
values, indicating strong explanatory power, possibly
reflecting better in-sample fit or linear pattern capture.
In contrast, LSTM and BiLSTM yield lower R-squared
values (0.12 and 0.19, respectively), which is not
uncommon in out-of-sample forecasting of highly
volatile time series data using nonlinear models. The
Explained Variance Score (EVS) for ARIMA is negative
(-3.891), suggesting poorer performance than a simple
mean-based predictor in terms of variance, while
LSTM and BiLSTM show positive though modest
EVS (0.120 and 0.194). Overall, while ARIMA
provides high explanatory power in certain metrics,
the LSTM and BiLSTM models demonstrate superior
performance in absolute and median error terms,
making them more suitable for practical rice inflation
rate prediction under volatile global conditions.

6 Conclusions

The proposed analysis effectively predicts the
international rice inflation rate using ARIMA, LSTM,
and BiLSTM models. While ARIMA offers strong
explanatory power in variance-related metrics, the
deep learning models (LSTM and BiLSTM) achieve
lower absolute and median errors, demonstrating
greater robustness in capturing complex patterns
in the data. Prior knowledge of rice price trends
provided by these models can support policy-making,
supply chain adjustments, consumer decisions, and
international food security efforts. This analysis
is also helpful for tracking food security risks at
the international level. International humanitarian
support can be provided through international
organizations such as the UN, WHO, and the World
Bank, and food scarcity can be prevented. This study
also offers solutions for economic and long-term
sustainability. ~ This analysis reveals data-driven
decisions that encourage sustainable practices.
This analysis can be further utilized to predict the
inflation rate of other essential crops and goods at the

international level.

Data Availability Statement

Data will be made available on request.

Funding

This work was supported without any funding.

Conflicts of Interest

The authors declare no conflicts of interest.

Al Use Statement

The authors declare that no generative Al was used in
the preparation of this manuscript.

Ethical Approval and Consent to Participate
Not applicable.

References

[1] Dawe, D., & Timmer, C. P. (2012). Why stable food
prices are a good thing: Lessons from stabilizing
rice prices in Asia. Global Food Security, 1(2), 127-133.
[CrossRef]

Theofilou, A., Nastis, S. A., Michailidis, A., Bournaris,
T., & Mattas, K. (2025). Predicting prices of staple
crops using machine learning: A systematic review of
studies on wheat, corn, and rice. Sustainability, 17 (12),
5456. [CrossRef]

Headey, D., & Fan, S. (2008). Anatomy of a crisis:
The causes and consequences of surging food prices.
Agricultural Economics, 39(s1), 375-391. [CrossRef]

Setivani, L., Handayani, H. H., & Geraldine, W. A.
(2023, November). Rice Price Forecasting Using
GridSearchCVand LSTM. In 2023 International
Conference on Modeling & E-Information Research,
Artificial ~ Learning and  Digital ~ Applications
(ICMERALDA) (pp. 127-131). IEEE. [CrossRef]

Duyapat, C. (2025). Forecasting Philippine Rice Prices:
Comparison of Traditional Time Series and Machine
Learning Models. Journal of Mathematics and Statistics
Studies, 6(6), 18-28. [CrossRef]

Zaw, T., Oo, A. N., & Kyaw, S. S. (2020, November).
Combination of ARMA and BPNN model to predict
rice type and rice price. In 2020 International Conference
on Advanced Information Technologies (ICAIT) (pp.
159-164). IEEE. [CrossRef]

Yusup, M., Prasetyo, S. Y. J., & Wellem, T. (2024,
August). Evaluation of prediction accuracy in ARIMA
and LSTM algorithms for agricultural commodity

2]

125


https://doi.org/10.1016/j.gfs.2012.09.001
https://doi.org/10.3390/su17125456
https://doi.org/10.1111/j.1574-0862.2008.00345.x
https://doi.org/10.1109/ICMERALDA60125.2023.10458179
https://doi.org/10.32996/jmss.2025.6.6.3
https://doi.org/10.1109/ICAIT51105.2020.9261810

ICCK Transactions on Machine Intelligence

ICJK

[10]

[14]

[15]

[16]

126

prices. In 2024 3rd International Conference on Creative

Communication and Innovative Technology (ICCIT) (pp.

1-7). IEEE. [CrossRef]

Menhaj, M. H., & Kavoosi-Kalashami, M. (2022).

Developing a hybrid forecasting system for
agricultural commodity prices (case study: Thailand
rice free on board price). Ciéncia Rural, 52(8),
€20201128. [CrossRef]

Mahawan, A., Jaiteang, S., Srijiranon, K., &
Eiamkanitchat, N. (2022, February). Hybrid
ARIMAX and LSTM model to predict rice export
price in Thailand. In 2022 International Conference on
Cybernetics and Innovations (ICCI) (pp. 1-6). IEEE.
[CrossRef]

Patil, A., Shah, D., Shah, A., & Kotecha, R. (2023).
Forecasting prices of agricultural commodities using
machine learning for global food security: Towards
Sustainable Development Goal 2. International Journal
of Engineering Trends and Technology, 71(12), 277-291.
[CrossRef]

Zhang, G. P. (2003). Time series forecasting using
a hybrid ARIMA and neural network model.
Neurocomputing, 50, 159-175. [ CrossRef]

Bhardwaj, S. P, Paul, R. K., Singh, D. R., & Singh, K. N.
(2014). An Empirical Investigation of Arima and Garch
Models in Agricultural Price Forecasting. Economic
Affairs, 59(3), 415-428. [CrossRef]

Menculini, L., Marini, A., Proietti, M., Garinei,
A., Bozza, A., Moretti, C., & Marconi, M. (2021).
Comparing prophet and deep learning to ARIMA in
forecasting wholesale food prices. Forecasting, 3(3),
644-662. [ CrossRef]

Valera, H. G, Balié, J., & Magrini, E. (2022). Is rice
price a major source of inflation in the Philippines? A
panel data analysis. Applied Economics Letters, 29(16),
1528-1532. [CrossRef]

Ulussever, T., Ertugrul, H. M., Kili¢ Depren, S., Kartal,
M. T., & Depren, O. (2023). Estimation of impacts
of global factors on world food prices: a comparison
of machine learning algorithms and time series
econometric models. Foods, 12(4), 873. [CrossRef]

Mgale, Y. J., Yan, Y., & Timothy, S. (2021). A
comparative study of ARIMA and holt-winters
exponential smoothing models for rice price

forecasting in Tanzania. Open Access Library Journal,
8(5), 1-9. [CrossRef]

Kontopoulou, V. 1., Panagopoulos, A. D., Kakkos, I,
& Matsopoulos, G. K. (2023). A review of ARIMA
vs. machine learning approaches for time series
forecasting in data driven networks. Future Internet,
15(8), 255. [CrossRef]

Ray, S., Lama, A., Mishra, P.,, Biswas, T, Das, S.
S., & Gurung, B. (2023). An ARIMA-LSTM model
for predicting volatile agricultural price series with

random forest technique. Applied Soft Computing, 149,
110939. [CrossRef]

[19] Sanusi, O. 1., Safi, S. K., Adeeko, O., & Tabash,
M. L (2022). Forecasting agricultural commodity
price using different models: a case study of widely
consumed grains in Nigeria. Agricultural and Resource
Economics:  International Scientific E-Journal, 8(2),
124-140. [CrossRef]

Tule, M. K., Salisu, A. A., & Chiemeke, C. C. (2019).
Can agricultural commodity prices predict Nigeria’s
inflation?. Journal of Commodity Markets, 16, 100087.
[CrossRef]

Murugesan, R., Mishra, E., & Krishnan, A. H. (2022).
Forecasting agricultural commodities prices using
deep learning-based models: basic LSTM, bi-LSTM,
stacked LSTM, CNN LSTM, and convolutional
LSTM. International Journal of Sustainable Agricultural
Management and Informatics, 8(3), 242-277. [CrossRef]

Ghazali, A. A,, Passarella, R., & Yamani, Z. Forecasting
Indonesian food price inflation with multivariate time
series and machine learning approaches. Computers
and Informatics, (Advanced Online Publication), 46-57.
[CrossRef]

Siami-Namini, S., Tavakoli, N., & Namin, A. S. (2019,
December). The performance of LSTM and BiLSTM
in forecasting time series. In 2019 IEEE International
conference on big data (Big Data) (pp. 3285-3292). IEEE.
[CrossRef]

Dr. Suraj Arya currently working as Assistant
Professor in the Department of Computer
il Science and Information Technology and
Deputy Director (Training and Placement) at
W Central University of Haryana, India. His
academic qualifications are Ph.D.(Computer
Science), M.Phil.(Computer Science) and M.
Tech (Computer Science and Engineering).
His research interests focus on machine
learning (ML), Deep Learning , internet of
things (IoT'), Data warehousing and mining, system automation
and patents writings. He has granted and files many patents. He
has also published many research articles in international journals,
book chapters, and conferences. (Email: surajarya@cuh.ac.in)

Prof. Singara Singh Kasana working

as Professor of Computer Science and
Information Technology, Central University

; of Haryana, Mahendergarh. Prior to joining

. "ﬁ the Central University of Haryana, he worked

with Thapar Institute of Engineering and
' Technology, Patiala, India, for around 19
years. He has around twenty-three years of
teaching and research experience. He received
his PhD degree in Image Compression from
Thapar University Patiala. He has guided 8 Ph.D. and 27
post-graduate thesis. His research interests include digital twins,
image processing, machine learning, information security and
computer vision. He has published more than seventy research
papers in reputed international journals and conferences. (Email:
singarasingh@cuh.ac.in)

|


https://doi.org/10.1109/ICCIT62134.2024.10701123
https://doi.org/10.1590/0103-8478cr20201128
https://doi.org/10.1109/ICCI54995.2022.9744161
https://doi.org/10.14445/22315381/IJETT-V71I12P226
https://doi.org/10.1016/S0925-2312(01)00702-0
http://doi.org/10.5958/0976-4666.2014.00009.6
https://doi.org/10.3390/forecast3030040
https://doi.org/10.1080/13504851.2021.1946470
https://doi.org/10.3390/foods12040873
https://doi.org/10.4236/oalib.1107381
https://doi.org/10.3390/fi15080255
https://doi.org/10.1016/j.asoc.2023.110939
https://doi.org/10.51599/are.2022.08.02.07
https://doi.org/10.1016/j.jcomm.2019.02.002
https://doi.org/10.1504/IJSAMI.2022.125757
https://doi.org/10.62189/ci.1695546
https://doi.org/10.1109/BigData47090.2019.9005997

	Introduction
	Motivation of the Proposed Work
	Contribution of the Proposed Work

	Literature Review
	Material and methods
	Proposed Technique
	ARIMA Model
	Long Short-Term Memory Networks
	BiLSTM Model

	Results
	Model's performance evaluation

	Discussion
	Conclusions
	Dr. Suraj Arya
	Prof. Singara Singh Kasana


