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Background: Maize is the primary cereal crop of Nepal after rice. It is the major component of
feed for the livestock and poultry sectors. The current maize yield is unable to meet its increasing
demand in Nepal. Hence, substantial quantities of maize are being imported to fill the gap. Accurate
forecasting of maize cultivation area, production, and yield is critical for successful market
stabilization and sustainable agricultural practice promotion.

Objective: The study aims to predict the cultivation area, production, and yield of maize in Nepal
from 2023/24 to 2029/30 using appropriate Autoregressive Integrated Moving Average (ARIMA)
models.

Materials and Methods: The study uses time series data from 1963/64 to 2022/23 covering
maize area (ha), production (Mt), and yield (Mt/ha), obtained from the Ministry of Agriculture and
Livestock Development and Agriculture Information and Training Center. The Box-Jenkins
methodology-based ARIMA model was used for modeling and forecasting the future time series
data. The estimated models were further diagnosed to validate no significant autocorrelation
among residuals.

Results: The Box-Jenkins methodology demonstrated ARIMA (4, I, 0), ARIMA (I, I, 1) and
ARIMA (I, I, I) models for forecasting maize cultivation area, production, and yield, respectively.
The study predicts a 4.84% increase in maize cultivation area, a 6.83% rise in production, and a
3.17% improvement in yield from 2023/24 to 2029/30. However, these increases are not projected
to meet Nepal's rising maize demand.

Conclusion: The study findings are relevant for ensuring import/export management and
implementing the price policy in Nepal. The research highlights the need for technological
advancements and improved management practices in maize production to ensure long-term
sustainability.

Keywords: Augmented Dickey-Fuller test, Box-Jenkins methodology, Box-Ljung test,
correlogram, inverse root plot, mean absolute percentage error.
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Maize is the primary cereal crop of Nepal after rice in terms of cultivated area, production,
and consumption (K.C. et al, 2015; Marahatta, 2021). Around 7.6% of the agricultural gross
domestic product is contributed by maize in Nepal (AGDP) (MoALD, 2023). Currently, maize is
cultivated on 0.98 million hectares (ha) of land with the production of around 3.1 million metric
tons (Mt/ha) (MoALD, 2023). The maize yield in Nepal is 3.15 Mt/ha; far lower than the global
yield of 5.71 Mt/ha (FAO, 2023; MoALD, 2023). Maize plays a crucial role in Nepal's food security
and economy (Doody & Pradhan, 2022). The current requirement of maize in Nepal is around 45
kg per capita per year (Pokhrel, 2020). However, the annual consumption of maize is around 43
kg per capita (Upadhyay et al., 2018). 13% of the total dietary calorie requirement per day per
capita is fulfilled by the maize in Nepal (DoFTQC, 2012). Maize accounts for the major food source
for the people residing in the hilly region of Nepal (Timsina et al., 2016). Similarly, it serves as the
primary component of feed for the livestock and poultry sector (Ghimire et al., 2018; Khanal et
al,, 2022). In Nepal, the yearly demand for maize is rising at a pace of 4-6% (Panday, 2019). The
existing maize yield of 3.15 Mt/ha and the annual maize yield growth rate of 0.5% haven’t been able
to meet the growing demand for maize in Nepal. According to the Feed Association of Nepal,
nearly 25% of the 391,538 Mt of maize required for poultry feed has been produced domestically
(Gairhe et al., 2021; Choudhary et al., 2022; Koirala et al., 2020). According to the Department of
Customs, Nepal imports nearly 435,217 Mt of maize which costs over $130 million (MoF, 2023).

Forecasting of agricultural products has been crucial for controlling imports/exports,
enforcing pricing regulations, and supporting policy decisions (Badmus & Ariyo, 201 I; Sharma et
al., 2018). Appropriate prediction also addressed the allocation of land, selection of improved
varieties, sufficient agricultural inputs supply, modern technology adoption, and environmental
issues (Mahapatra & Dash, 2020; SenthamaraiKannan & Karuppasamy, 2020). Additionally, a
sudden fall or rise in agricultural production affects the farmer’s income, which further hampers
the marketable surplus (Tripathi et al., 2014). Accurate forecasting indicates that excess and deficit
should be managed appropriately to stabilize prices and guarantee farmers’ profitability (Kumar &
Baishya, 2020; Thapa et al,, 2022). There are several econometric models that are appropriate for
forecasting various issues, such as agricultural area and production (Ali et al., 2015). The cultivation
area and productivity are fundamentally forecasted using a number of methodologies, such as
remote sensing and simulation modeling (Tripathi et al., 2014). However, forecasting is
occasionally seen to be essential prior to crop harvest or, in certain situations, even before crop
planting (Thapa et al.,, 2022). The Autoregressive Integrated Moving Average (ARIMA) is one of
the most popular forecasting models for time-series data (Badmus & Ariyo, 201 1). Its statistical
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performance for univariate time series data and the well-known Box-Jenkins methodology have
contributed to its appeal (Mahapatra & Dash, 2020; Ray & Bhattacharyya, 2020; Yasmin &
Moniruzzaman, 2024). Additionally, it considers the non-zero autocorrelation between the time
series data's subsequent values (Kumar & Anand, 2014).

Debnath et al. (2013) forecasted India's cotton output, production, and area between 201 |
and 2020. Kumar and Anand (2014) projected India's sugarcane production from 2013 to 2017.
Hossain and Abdulla (2017) projected Bangladesh's potato production between 2014 and 2023.
Jadhav et al. (2017) used the ARIMA model to validate agricultural price forecasts and show how
useful they are for main crops. From 2017 to 2022, Sharma et al. (2018) projected India's maize
production. India's wheat output was predicted by Nath et al. (2019) to increase from 2018 to
2027. Mahapatra and Dash (2020) projected India's black gram productivity from 2016/17 to
2018/19. Madlul et al. (2020) used an ARIMA model to forecast Iraq's wheat crop's productivity,
area, and output from 2019 to 2029. Lwaho and llembo (2023) used the ARIMA model to predict
Tanzania's maize output from 2022 to 2031. These studies demonstrate the ARIMA model's
suitability for predicting future values of agricultural products. The study aims to predict the
cultivation area, production, and yield of maize in Nepal from 2023/24 to 2029/30 using
appropriate ARIMA models. The model incorporates all types of information limited to the
univariate time series during forecasting and capturing the impact of its historical data. This study
plays a significant role in effective planning and policy-making to meet the future demand for maize.
The study's findings will help Nepal's maize production become more resilient and sustainable.

Data collection and analysis

The "Statistical Yearbook" produced by the Ministry of Agriculture and Livestock
Development (MoALD) and “Krishi Diary” released by Agriculture Information and Training
Center (AITC) provided the time-series data for the study (MoALD, 2023; AITC, 2023). The time
series data from 1963/64 to 2022/23, making a total of 60-year data points, includes the target
variables as cultivated area (ha), production (Mt), and yield (Mt/ha) of maize. Prior to analysis, this
time series data were separated into two categories. For model estimation, 85% of the time series
were utilized as training data, while the remaining 15% were used as test data to cross-validate the
suggested model. Thus the ARIMA model was predicted using the data from 1963/64 to 2013/14,
and the model was cross-validated using the data from 2014/15 to 2022/23. Using the Box-Jenkins
Autoregressive Integrated Moving Average (ARIMA) model and Stata software, the best-fit model
for the time-series data was examined. The area, production, and yield of maize in Nepal were
predicted using the best-fitted model from 2023/24 to 2029/30.

Autoregressive integrated moving average (ARIMA) model
Future values of univariate time-series data are analyzed and predicted using an ARIMA
model (Kannan & Karuppasamy, 2020; Yasmin & Moniruzzaman, 2024). It consists of three
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components: autoregressive (AR) of order ‘p’, differencing of degree ‘d’, and moving average (MA)
of order ‘q’, represented as the ARIMA (p,d,q) model (Box & Jenkins, 1970; Anderson, 1977).
The econometric expression for the ARIMA model of order (p,d,q) is as follows:

- p q
Ye=sut X 0; Yt X, aEjt & (1
where Y, = variable at time ‘t’, u = mean of the series, 0/, 0,,...... , 8, = AR model parameters, a,
0y,....., g = MA model parameters, €, €.i,..... £.q = White noise residuals.

Box-Jenkins methodology

To forecast future time series values, the ARIMA ‘Box-Jenkins’ approach makes use of
stationary time-series data (Box & Jenkins, 1970). It involves the methodological approach to
identify, estimate, diagnose, and predict future values (Box & Jenkins, 1970). The methodology
included the following steps:

Model identification
a) Unit root test/stationary test

Before the estimation, it is essential to analyze the asymptotic characteristics of the time series
data to avoid spurious results (Gujarati et al., 2012; Poudel, 2024). In this study, the stationary
nature of time series data was examined using the Augmented Dickey-Fuller (ADF) test. According
to the Augmented Dickey-Fuller (ADF) test, a variable (Y;) can be expressed in the following
regression form (Dickey & Fuller, 1979):

AY,= 6, + Bytt+ &Y + 2%, aAY, it &, ()
where &; = error term, AY;_;= (Yi_q - Yi_3), AY; 5= (Yey - Yi3).uonnnne
The null hypothesis (Ho) and alternate hypothesis (H.) are stated as:
Ho: Y; is a non-stationary variable; has a unit rooti.e. & =0
H,: Y; is a stationary variable; lacks a unit rooti.e. &, <0
The null hypothesis (Ho) is rejected when the calculated absolute value of the t-statistics exceeds
the absolute Augmented Dickey-Fuller (ADF) or McKinnon's critical values (5%) and is represented
by 1(0) (MacKinnon, 1991). Then, the model became the ARMA (p,q) model. Alternatively, the
series is categorized as integrated of order ‘I’, represented as I(l), if it became stationary after
taking the first difference. In the ARIMA model, the ‘d’ degree of differentiating transforms the
provided non-stationary time series into stationary.
b) The moving average (MA)
It is a smoothing method for analysis and forecasting time series data, specifically for those that do
not show a trend. An MA (moving average) model incorporates 'q' lags in its regression, denoted
as MA (q) (Khan et al.,, 2020). Mathematically,
Yo =p+ Bope + Pibie-1 + Bable—z + -+ Bolle—q A3)

where u = constant. f, By, ..... fg = model parameters.
c) The autoregressive model (AR)
An AR (autoregressive) model incorporates 'p' lags in its regression, denoted as AR (p) (Hamjah,
2014). Mathematically,
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Y= ) =ay(Yeoy — )+ aa(Yp — 8) + -+ ap(yt—p - 5) + ue “4)
where, § = Mean of Y, a4, @y, ...., @,= model parameters, (i, = white noise term.
The autocorrelation function (ACF) and the partial autocorrelation function (PACF) are plotted
to observe where the spikes became significant (Fattah et al., 2018). Box and Jenkins (1970)
method to identify the model with their orders is shown in Table |I.

Table 1. Procedure for identifying the ARIMA model (Gujarati et al., 2012).

Model ACF PACF

AR (p) Exponential decay and/or sine function Significant spikes through p lags
MA (q) Significant spikes through q lags Exponential decay

ARMA (p, q) Exponential decay Exponential decay

Model estimation
It involves identifying the model parameters as ARIMA (p, d, q). The inclusion of many
parameters can lead to over fitting of the model.

Table 2. Different optimal model selection criteria (Montgomery et al., 2015).

Selection criteria Description

Significance of ARMA component If the p-value < 0.05; coefficients are significant.
Akaike Information Criterion (AIC) Smaller the value of AIC and BIC; better the model
and Bayesian Information Criterion

(BIC)
Log likelihood Higher the value of likelihood; better the model
Sigma’ Lower the value of Sigma?; better the model

Diagnostic test

It is essential to conduct diagnostic tests to validate the goodness of fit of the model before
forecasting (Yasmin & Moniruzzaman, 2024). The residual of the appropriate ARIMA (p,d,q) model
exhibits white noise and is uncorrelated (Hyndman & Khandakar, 2008). If the diagnostic tests are
not verified, revise the model identification step before forecasting the data (Guijarati et al., 2012;
Yasmin & Moniruzzaman, 2024). Diagnosis can be done by performing the following tests:
a) White noise graph
If the residuals are confined around the mean with constant variance, it resembles a white noise
structure (Yasmin & Moniruzzaman, 2024).
b) Correlogram plots of the residual
Correlogram (Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF))
plots of residuals are used to evaluate the model fit (Rahman et al., 2016; Yasmin & Moniruzzaman,
2024). When the correlogram plots of the residuals show no significant spikes and all correlations
fall within the 95% confidence limits, then the model resembles white noise (Debnath et al., 201 3).
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C) Box-Ljung test (Portmanteau test for white noise)

It is used to detect the presence of serial correlation among the residuals (Ljung & Box, 1978). If
the p-value is below 0.05, the null hypothesis is rejected indicating the residuals are not white
noise.

d) Inverse Roots of AR/MA Polynomials

The model’s stationary/invertible status is shown by the inverse roots of AR/MA polynomials. If
all eigenvalues are less than one and fall inside the unit circle, the model is said to be
stable/invertible (Fauzi & Abu Bakar, 2022).

Model adequacy

The ultimate test of every model is based on its ability to make accurate predictions about
the future. Following the selection of the best-fitting ARIMA model, the model's adequacy should
be further examined. The model's goodness of fit was estimated using the test dataset, which
covered the years 2014/15 to 2022/23. For the same time period, the expected value was
predicted from the chosen ARIMA model. Lastly, model adequacy was estimated using mean
absolute percentage error (MAPE). It utilizes all data and has the least variation between samples
(Jadhav et al., 2017). The mathematical expression of MAPE is given below:

1 Ve-Y
MAPE =; Z?:l tY—tt x 100

where Yt = Actual values, Y. = Predicted value, N = Number of observation, Forecasting.
After performing the diagnostic test, the ARIMA model was used to predict the future values of
the time series (Kannan & Karuppasamy, 2020; Yasmin & Moniruzzaman, 2024).

Graphical description of cultivated area, production, and yield of maize in Nepal

The trend of cultivated area (ha), production (Mt), and yield (Mt/ha) of maize from 1964 to
2023 is illustrated in Figure |. The area shows a relatively stable trend with a slight increase over
the years. Similarly, the production (Mt.) has a gradual increase up to 1988 followed by a marked
rise up to 2023. Lastly, the yield (Mt/ha) remains steady initially, increases significantly from the
mid-1990s, and has a sharp upward trajectory from 2010 to 2023. The graph highlights that while
the cultivated area has not changed drastically, the production and yield have improved in the last
decade, indicating advancements in cultivation practices and technology adoption (Dhakal et al.,
2022).

Model identification
ADF test for Stationary

At first difference, all the variables i.e. area, production, and yield are stationary at the %
significance level as shown in Table 3. Thus, the degree of differentiation ‘d’ for all variables was
found to be I.
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Fig. |. Trend of cultivated area (ha), production (Mt), and yield (Mt/ha) of maize in Nepal from
1964 to 2023.

Table 3. Augmented Dickey-Fuller (ADF) test.

Variables Level Difference Remark
Intercept  Intercept + trend  Intercept  Intercept + trend s

Area 0.028 -1.853 -4316™ -4.289" I(1)
(0.9608) (0.6786) (0.004) (0.003)

Production 2.375 -1.467 -5.440™ -7.359™ I(1)
(0.999) (0.8403) (0.000) (0.000)

Yield 0.593 -0.715 -5.730™ -7.539™ I(1)
(0.9874) (0.9721) (0.000) (0.000)

Note: *** shows significance at | %; parenthesis and non-parenthesis are t-statistics and MacKinnon
p-value respectively.

Correlogram plot

The correlogram plots of the cultivated area, production, and yield in the first order are
shown in Figure 2 and Figure 3. The ACF bar of the area parameter has no significant spikes,
indicating the time series data has an MA order of 0, i.e. @ = 0. Similarly, the ACF plots of both
production and yield variables show a significant spike at lag I, indicating the MA orders of |, i.e.
q = |. Similarly, the PACF plot of area variables shows significant spikes at lags 3 and 4, indicating
the time series data has two possible AR order i.e. p = 3 and p = 4. The PACF plots of both
production and yield variables shows significant spikes at lag | indicating AR order as p = |. The
higher-order lags might be due to random fluctuations or noise (Box & Jenkins, 1970). Hence they
are neglected. Hence the possible models for the area variable will be ARIMA (3, I, 0) and ARIMA
(4, 1, 0). Out of the two models, one will be selected as best-fitted model based on model selection
criteria, which will be done in further steps. Similarly, the best-fitted models for both production
and yield variables are found to be ARIMA (1, I, I).
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Model estimation
ARIMA (4, I, 0) has the most significant coefficients, highest log likelihood, lowest AIC,
lowest BIC, and lowest Sigma® than ARIMA (3, |, 0) of the area variable. Hence, the ARIMA (4, I,
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0) was the suitable model for forecasting the area variable. Since both the production and yield

time series data have only one ARIMA model, i.e, ARIMA (1, I, 1), hence it was their respective

appropriate model for forecasting.

Table 4. Model selection for area, production, and yield of maize.

Area Production Yield
Characteristics
ARIMA (3, 1,0) ARIMA (4,1,0) ARIMA (I, I, 1) ARIMA (I, I, 1)
Constant 9632.783" 8736.813 27410.65" .0096
AR(I) -.0589 -.1308 -.3577 -.3031
AR(2) .0157 -.0538
Coefficient  AR(3) .3288" 32017
AR(4) 3604
MA(I) -.0174 -.0561
Sigma® 21013.61™ 20019.71™ 77573.84™ .0955
AIC 1147.53 1145.241 1275.94 -84.7942
BIC 1157.09 1156.713 1283.588 -77.1461
Log likelihood -568.7648 -566.6206 -633.9698 46.3971

Note: ¥ ** and * show the significance at 1%, 5%, and 10% respectively.

Diagnostic test
White noise graph

Figure 4 shows the residuals of each variable used in the study. Since all the residuals are

confined around the mean with constant variance, they resemble a white noise structure.
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Correlogram plots of the residual

Predicting

cultivation area,

The ACF and PACF plots of the residual for the respective ARIMA model are shown in
Figure 5 and Figure 6 respectively. The correlogram of the ACF for the residuals is flat which

indicates that all information has been captured. Similarly, the correlogram of the PACF for the

residuals is not so flat. It was showing some significance. But because parsimony is the watchword,

that significance will not be considered.
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Box-Ljung test (Portmanteau test for white noise)
The Box-Ljung Q statistics and corresponding p-values are shown in Table 5. There was no
autocorrelation among all the residuals of the fitted ARIMA models.

Table 5. Box-Ljung statistics of different ARIMA models.

Box-Ljung statistics

Variables Model

Q statistic p-value
Area ARIMA (4, 1, 0) 10.5801 0.9871
Production ARIMA (I, 1,1) 15.1183 0.8903
Yield ARIMA (1, I, I) 14.6488 0.9068

Inverse roots of AR polynomial (s)
The inverse root of AR plots for each ARIMA model shows that AR roots lie inside the unit
circle, indicating the stability of AR plots.

Inverse roots of AR polynomial Inverse roots of ARMA polynomials
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Fig. 7. Inverse root plots of area, production, and yield.
Hence, after performing the diagnostic tests, the appropriate ARIMA models for area,

production, and yield are ARIMA (4, 1, 0), ARIMA (I, I, I), and ARIMA (1, I, I), respectively.

Model adequacy

Using the ARIMA (4, 1, 0) for area and ARIMA (I, I, I) for both production and yield, the
actual data from test series and predicted values from the model were compared from the year
2015/16 to 2019/20 (Table 6). The lower value of Mean Absolute Percentage Error (MAPE) i.e.
2.21%, 4.36%, and 2.63% for prediction of the area, production and yield, respectively, implies very
good model accuracy for further prediction. Thus, this cross-validation showed that the ARIMA
(4, 1, 0), ARIMA (I, I, I), and ARIMA (I, I, I) are suitable for forecasting the values for area,
production, and yield, respectively.
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Forecasting

After determining the appropriate model and measuring the adequacy of the models, the
selected models are rendered fit for further forecasting. The predicted values of the cultivation
area, production, and yield of maize from 2023/24 to 2029/30 are presented in Table 7. The
cultivation area shows a percentage growth of approximately 4.84% over the forecasted year.
Similarly, the total production follows a similar positive trend representing a notable increase of
about 6.83% over the forecasted period. The yield also corresponds to a percentage increase of
approximately 3.79%. Overall, during this period a consistent upward trajectory in cultivation area,
production, and yield emphasizes steady progress in agricultural development during the
forecasted period.

Table 6. Model adequacy of respective ARIMA models from 2014/15 to 2022/23.

Variables Year Actual value Predicted Value MAPE

2014/15 882,395 915,413.5
2015/16 891,583 879,814.7
2016/17 900,288 907,528.5
2017/18 954,158 918,076.1

Area 2018/19 956,447 931,969.1 2.21%
2019/20 957,650 967,039.6
2020/21 979,776 980,241.9
2021/22 985,565 999,155.3
2022/23 940,256 990,026.9
2014/15 2,145,291 2,255,338
2015/16 2,231,517 2,237,442
2016/17 2,300,121 2,240,334
2017/18 2,555,847 2,338,517

Production 2018/19 2,713,635 2,546,685 4.36%
2019/20 2,835,674 2,739,361
2020/21 2,997,733 2,857,853
2021/22 3,106,397 3,012,817
2022/23 2,969,222 3,134,632
2014/15 2.4312 2.4485
2015/16 2.5028 2.4699
2016/17 2.5548 2.5072
2017/18 2.6786 2.5724

Yield 2018/19 2.8372 2.6768 2.63%
2019720 2.9610 2.8326
2020/21 3.0596 2.9649
2021/22 3.1518 3.0669
2022/23 3.1578 3.1597
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Table 7. Forecasted value of area, production, and yield from 2023/24 to 2029/30.

Year Area (ha) Production (Mt) Yield (Mt/ha)
2023/24 1,000,080 3,175,248 3.1862
2024/25 1,011,739 3,209,469 3.2038
2025/26 1,016,822 3,246,994 3.2256
2026/27 1,024,565 3,282,812 3.2454
2027/28 1,034,061 3,319,511 3.2662
2028/29 1,041,903 3,355,755 3.2865
2029/30 1,048,533 3,392,235 3.3070
AotuaiArea Forscasiod rea Area Acual Producion Foracasies Proauon Production
ey Foresased v | Yield

Fig. 8. Actual and forecasted value from 1960/61 to 2029/30.

ARIMA (4, 1, 0), ARIMA (I, I, I), and ARIMA (1, I, 1) were found to be appropriate models
for modeling and forecasting the cultivation area, production, and yield of maize from 2023/24 to
2029/30 in Nepal. Various diagnostic tests have shown no significant autocorrelation in the
residuals of the respective models that show the reliability of these models. The respective models
forecast an increase of 4.84%, 6.83%, and 3.79% in area, production, and yield over the next seven
years from 2024 to 2030. To control imports/exports and carry out a pricing strategy, this
forecasting will be crucial to research and policymaking in Nepal. Although the production and
yield show significant increases in the upcoming years, their increments are not at the desired level
that will lead to the sustainability of maize in Nepal. The production projection in the next seven
years will not lead to a cut-off of maize imports in Nepal. Hence the concerned authorities are
recommended to consider technological advancements in maize production. Moreover, the
application of better management practices, price support programs, and enhanced cooperation
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between farmers and research experts will result in the sustainability of maize in Nepal. Developing
and executing action plans based on anticipated trends in maize cultivation area, production, and
yield leads to the sector growth and expansion effectively.
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