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Abstract: One of the most popular main food crops grown by the majority of Ethiopians is teff (Eragrostis teff). More than
90% of the teff consumed worldwide is grown in Ethiopia. Despite having the highest output volume, this Ethiopian cereal
crop has the highest price. The major goal of this study was to estimate and predict the domestic retail price of teff in Ethiopia.
The Central Statistical Agency (CSA) of Ethiopia provided the data. The average monthly domestic retail price of teff per
kilogram (in birr) in Ethiopia from January 1996 to June 2023 served as the study's source of data. The data are analyzed using
both descriptive and inferential statistical methods. The Statistical Packages for Social Science (SPSS Version 20.0) and R
statistical tools were used to conduct the analysis. Seasonal Autoregressive Integrated Moving Average (SARIMA) model was
used for modeling the average monthly domestic retail price data of teff for 27 years and forecasting for the next five years.
The final model chosen, using the AIC and BIC selection criteria, was SARIMA (2, 1, 4) x (0, 0, 2),,, which had the minimum
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). The domestic retail price of teff in Ethiopia is therefore
predicted to increase relatively rapidly over the next five years, with seasonal variation. The results of this study may
contribute further to the policy discussion on lowering teff prices domestically and enhancing food security. Additionally, the
study is very important for managing price instability for producers, consumers, wholesalers, and national agricultural pricing
policy reforms. This study also provides evidence for government policymakers on the issue of Ethiopia's exorbitant cost of
living and price inflation.
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widening the price gap with other commodities like wheat
and maize. Teff's average annual price in the surplus market
increased by 9% between 2015 and 2017, or 145 Birr (the
Ethiopian currency equivalent of USD 5.3) per 100 kg. In
January 2017, teff cost 1750 Birr ($64.1) per 100 kg, more
than twice as much as wheat. As a result, teff is an
economically better commodity that is primarily consumed
by the wealthy [3, 5].

Teff is also an economically superior product with high
income elasticity, therefore an increase in income causes an
un-proportional rise in teff consumption. Some analysts
argue that the recent hostilities that have taken place across
the nation over the past two years, along with the Covid 19
outbreak, have had an effect on the production and
distribution of teff. Within a month, a price difference of
between 2500 and 3500 birr is noted. Before a month had
passed; a quintal of teff cost somewhere between 5500 and

1. Introduction

Teff (Eragrostis teff), one of their favorite staple foods, is
grown by the majority of Ethiopians, and the teff species
originated in Ethiopia [1, 2]. Teff products' high price, on the
other hand, might be used to explain their attraction. It is the
most costly variety of Ethiopian grain crop and a significant
source of cash for farmers. Teff has the largest revenue
compared to other cereals and is even 34% bigger than
coffee, in addition to giving the farmers a sizable portion of
the final selling price [3].

When it comes to food intake, teff's grain is primarily used
to make injera, a soft flatbread. The staple food of Ethiopia is
injera, which is mostly comprised of teff. Locally known as
Tikur, Sergegna, and Magna, there are primarily three
different types of teff that differ in terms of quality, color, and
price [4]. Since 2008, the price of teff has increased,
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6000 birr. According to Ethiopian Media Services (EMS),
which cited city residents, it is currently being sold for 9000
Birr. In some places, you may acquire it for up to 10,000 Birr
[6-8].

Therefore, the primary goal of this study is to model and
predict the domestic retail price of teff in Ethiopia since it
may be essential for the government to ensure a program for
food self-sufficiency.

2. Methodology
2.1. Data

The data for this study were the average monthly domestic
retail prices of teff per kilogram (in birr) in Ethiopia from
January 1996 to June 2023. These prices were determined by
the Central Statistical Agency (CSA) of Ethiopia and are
expressed as payments per kilogram (in birr). Following that,
the entire time period was split in half. The first time frame,
referred known as the "in-sample period," included the period
from January 1996 to December 2020, and the data from this
time frame was utilized to construct SARIMA models. The
data from the "out-of-sample period," which covered the
second time period was used to assess forecast accuracy,
covered the months of June 2022 to June 2023.

2.2. Variables in the Study

The average domestic retail price of teff per kilogram (in
birr) was the dependent variable (Y), while Y., Y,, and so
on up to Y, = previous stationary observations (p being the
number of autoregressive terms) were the predictor variables.
The study used time series data.

2.3. Method of Data Analysis

2.3.1. Descriptive Statistics

The main goal of descriptive statistics is to offer clear and
practical methods for summarizing interesting data aspects.
In this study, descriptive statistics including mean, minimum,
maximum, standard deviation, skewness, and kurtosis were
used.

2.3.2. Inferential Statistics

Making inferences from sample data on the typical
monthly domestic retail price of teff in Ethiopia is known as
inferential statistics. As an inferential method of data
analysis, time series analysis was used.

2.4. Test of Randomness and Stationary Process

2.4.1. Test of Randomness

It is important to determine whether or not the data is a
random sequence. There are numerous ways to determine
whether the time series data contain any systematic
components or are reliant on the time t. The turning point test
was employed in this scientific application because it is
frequently used to determine if a batch of time-series data is
truly random [9]. According to its null hypothesis, Ethiopia's
average monthly domestic retail price for teff from January

1996 to June 2023 is random (there is no discernible trend).

2.4.2. Test of Stationarity

It is crucial to determine whether the study's data satisfies
fundamental assumptions like stationarity before creating a
Box-Jenkins modelling process. A time plot can be used to
show seasonality, trends in the series' mean level or variation,
long-term cycles, and other things [10].

The most common are Augmented Dickey-Fuller (ADF)
and Phillips-Perron (PP) Unit Root tests; and their null
hypothesis is that either the data are stationary or there is a
unit root [11, 12].

2.5. Remedial Measures for Non-Stationarity

2.5.1. Transformations

It is frequently desirable or necessary to modify a time
series data set before employing sophisticated techniques.
Differentiation, power transformation, dividing seasonal
standard deviation, and subtracting seasonal averages are a
few of the wvarious transformation procedures [13].
Commonly utilized differencing and Box-Cox power
transformation methodologies were used in this investigation.

2.5.2. Stationary Through Differencing

The first difference of a time series is the series of changes
from one period to the next. If Y, denotes the value of the
time series Y at period t, then the first difference of Y at
period t is equal to Y-Yy.;.

AY =YY, (1)
AY =YY Y, )

Where, AY, and A”Y, are the first and second difference of
Y, respectively [14].

2.6. SARIMA Model

To find the best model for predicting the price data that
corresponds to the real domestic retail price of teff in
Ethiopia, Seasonal Autoregressive Integrated Moving
Average (SARIMA) model was tested. The identification,
parameter estimates, diagnostic evaluation, and forecasting
phases of the Box-Jenkins Seasonal ARIMA model fitting are
the key steps.

The SARIMA model is preferred when any seasonal
behavior in the series is suspected because the ARIMA model
is ineffective for those series with both seasonal and non-
seasonal behavior, such as incorrect order selection. The
notation (p, d, q) x (P, D, Q)s is used to represent the
multiplicative SARIMA model [15].

The corresponding lag form of the model is:

BWo(LY)(1-L) (119 Y= 0W9(LS)e, ()

This model includes the following Auto Regressive (AR)
and Moving Average (MA) characteristic polynomials in L of
order p and q respectively:
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Also Seasonal polynomial functions of order P and Q
respectively as represented below:

(L% =1— @15 — @125 — - — (pP_lL(P—l)S — @pLPS  (6)
I(LS) =1 =0, L5 — 9,125 — - = 9, L@ DS — 9,105 (7)

Where: {Y:} - the observable time series, {€:} - white
noise series, (p, d, q) - order of non-secasonal AR,
differencing and non-seasonal MA respectively, (P, D, Q) -
order of seasonal AR, differencing and seasonal MA
respectively, L - lag operator LkYt:Yt_k, and S - seasonal
order for example S=12 for monthly data.

2.7. Modelling Approaches

The first stage in creating the SARIMA model is to
determine whether the series meet the stationarity
requirement, which calls for a time-invariant mean, variance,
and co-variance.

It is possible to ascertain the orders p, q, P, and Q by
examining the patterns of the Auto Correlation Function
(ACF) and Partial Autocorrelation Function (PACF). These
employ data on internal correlation between observations
made for a time series at various intervals to give a sense of
seasonal and non-seasonal lags. At the non-seasonal and

seasonal levels, the ACF and PACEF, respectively, both have
spikes and cut off at lag k and lag ks. The quantity of
statistically significant spikes determines the model's ranking
[16, 17].

The autocorrelation coefficient (r,) with the order of k
generally cuts off for an MA (0, d, q) process and is not
significantly different from zero after lag q. An AR term may
be required to model the time series if 1 tails off but does not
terminate. The autocorrelation coefficient (ry) truncates and is
not significantly different from zero after lag q + sQ when
the process is SARIMA (0, d, q) * (0, D, Q). If r, begins to
weaken at lags that are multiples of s, a seasonal AR
component is likely present. The PACF (¢y) with the order
of k truncates for an AR (p, d, 0) process and is not
appreciably different from zero after lag p. If ¢y tends to
zero gradually, it is implied that an MA term is necessary.
When a SARIMA (p, d, 0)*(P, D, 0) process is involved, o
cuts off and is not appreciably different from zero after lag p
+ sP. A seasonal MA component should be included in the
model if ¢, dampens out at lags that are multiples of s [18].

The ACF and PACF may provide a number of distinct
models, each of whose parameters is estimated by the
maximum likelihood approach. The optimal model is
determined using the Box-Pierce-Ljung test, the “auto.arima”
function in R, and the model with the lowest AIC and BIC
selection criterion values. Residual diagnostic testing is the
final phase in the model selection process, and if the model
passes these diagnostic checks, it can be utilized to forecast.

Table 1. Behaviour of ACF and PACF for Non-seasonal ARMA (p, q).

AR(p) MA(q) ARMA(p, q)
N A BT e,
Table 2. Behaviour of ACF and PACF for seasonal ARMA (P, Q).
AR(P)s MA(Q)s ARMA(P,Q)s
Pus seasonsl ARMA (R.O) o cus off aerag e i ofta gk kel 23t offatks

Note that: In this context “tails off” means “tend to zero gradually” and “cut off” means “disappear or is zero”.

2.8. Assessment of Forecast Accuracy

This study included measures of forecast accuracy that are
often used, such as Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE), and it was determined that the
best model was the one with the lowest MAE or RMSE [19-
21].

MAE = 1 ®)
RMSE = iz;l (&) )

Where the difference between the actual observation (the
average domestic retail price of teff per kilogram (in birr)) Y;

and the forecasted value ¥, is the forecast error £=Y-y,, and
n is the sample size (the length of the time series).

3. Results

3.1. Descriptive Statistics

A total of 330 observations on the monthly domestic retail
price of teff in Ethiopia from January 1996 to June 2023 were
used as the study's data. The descriptive statistics of the
average monthly domestic retail price of teff per kg (in birr)
are shown in Table 3.

According to the empirical finding in Table 3, the domestic
teff price per kg was 14.02 on average per month, with a
standard deviation of 14.76. Furthermore, the mean and
standard deviation values are roughly similar. The
exponential distribution is one instance when the mean and
standard deviation are equal [22]. The multiplicative
approach is acceptable if the time series has an exponential
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distribution over time [23]. Therefore, this data scenario is a
suitable starting point for quickly choosing an acceptable
model.

According to published research, the agricultural price
distribution demonstrates the following characteristics:
skewness and leptokurtosis [24]. Because the monthly price
of the teff series often has asymmetric distributions skewed
to the right, as indicated by the coefficient of skewness of

2.10, the evidence for price series in Table 3 suggests
positive skewness and longer tails than does the normal
distribution for the series. Additionally, the monthly domestic
price of the Teff series has a leptokurtic distribution, as
indicated by the excess kurtosis coefficient of 5.87. Teff's
average domestic retail price per kilogram in Ethiopia was
therefore not distributed normally.

Table 3. Summary of the average monthly domestic retail price of teff per kg (in birr).

Statistic Minimum Maximum Mean

Standard deviation Skewness Kurtosis

Price 1.79 100.00 14.02

14.76 2.10 5.87

Time series plot of teff price data in Ethiopia
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Figure 1. The domestic retail price trend of teff from January 1996 to June
2023.

In Figure 1, the Y-axis represents the average monthly
domestic price per kg of teff, and the X-axis represents the
years in the sample period, which runs from January 1996 to
June 2023. The monthly domestic price of teff per kg under
research exhibits an increasing tendency across the study
period from January 1996 to June 2023, as can be seen from
the figure above. After the year 2020, a particularly sharp

increase in the domestic price of teff was noted in the nation.
The image also demonstrates that the pricing trend is
increasing exponentially over time, which is consistent with
the findings in Table 3 above.

Because of a noticeable increase trend in the average monthly
domestic retail price of teff in Ethiopia, it is clear from Figure 1
that the data are non-stationary. To create a stationary series, the
mean and variance should be changed to make the numbers vary
more or less over time. In order to achieve stationarity, the mean
and variance may therefore need to be adjusted using
differencing and transformation, respectively [13, 14]. But to
make sure of that, we perform the Augmented Dickey-Fuller
and Phillips-Perron (PP) Unit Root tests.

3.2. Test of Randomness

This test is intended to determine whether the time series
data have any systematic components or whether they are
dependent on the passage of time t. The assumption that the
data are independent and uniformly distributed is the main
source of worry [25]. There are four widely used tests of
randomization for this purpose. The rank test, turning point
test, difference single tests, and phase length test are among
them. The researcher employed the most popular turning
point test in this occasion [9]. Additionally, its null
hypothesis states that teff's domestic average retail price
fluctuates at random.

Table 4. Turning point test for randomness of price of teff-

Time series data Randomness test

Critical value at 5% level of significance P-value

Price of teff Turning point test

-8.694 0.000

Given that the p-value is 0.000 in Table 4, we reject the
null hypothesis. The data on the average monthly price of teff
is therefore not random at the 5% level of significance. This
demonstrates a systematic pattern in the data and also
suggests that the data's distribution is not stationary.
Accordingly, the data must be appropriately transformed into
a stationary form.

3.3. Unit Root Test for Stationarity

A series' behavior and features, such as the persistence of

shocks and erroneous regressions, can be significantly
impacted by its non-stationarity. In other words, even if two
variables are completely unrelated, a regression of one on the
other could have a high R? if the variables are trending over
time [12]. In order to determine whether the study's data were
stationary, the Augmented Dickey-Fuller (ADF) and Phillips-
Perron (PP) unit root tests were run. The average domestic
retail price of teff in Ethiopia from January 1996 to June
2023 has a unit root, according to the null hypothesis of this
test.
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Table 5. ADF and PP test for the average monthly domestic retail price of teff.

Time series data Stationarity test Critical value at 5% level of significance P-value
. Augmented Dickey-Fuller (ADF) test 4.222 0.99
s Phillips-Perron (PP) Unit Root test 25.637 0.99

The price of the teff under examination did not appear to
be stationary, according to the findings of the stationarity test
in Table 5. This is due to the fact that the relevant p-values
from the ADF and PP tests were more than 5% level of
significance, failing to reject the null hypothesis of non-
stationarity. As a result, there is no data to support the non-
stationarity null hypothesis at the 5% level of significance.
After remedial actions were taken to make the series
stationary, which is necessary for further analysis, the
average monthly domestic retail price of teff, however,
looked stationary.

3.4. Remedial Measures for Non-Stationarity

A crucial premise of time-series models is stationary.
Because the series performs similarly throughout a shorter
time span when it is stationary, its statistical characteristics
do not change with time. This is referred to as homogeneity.
When the observations are converted via a Box-Cox
transformation using a lambda value of 0.5, they are
frequently made to satisfy these conditions even if the
constant variance and normality assumptions are not satisfied
[26].

Time series plot of teff price data in Ethiopia
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Figure 2. Stationary time series of teff price after remedial measures.

The transformed data becomes a stationary series after
being differentiated with a lambda value of 0.5 in lag 1, as
shown in Figure 2. This plot demonstrates how the series
deviates from the mean. This shows that it stays close to the
mean and that the time plots look to be consistent throughout.
The time series is stationary as a result, indicating that there
is little separation between changes in the average monthly
domestic retail price of teff.

3.5. SARIMA Modelling Approaches

For the monthly series, information regarding the seasonal
and non-seasonal AR and MA operators should be gathered
using autocorrelation functions (ACF) and partial
autocorrelation functions (PACF) [18].

Autocorrelation Function for price of teff
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Figure 3. ACF on transformed data of domestic retail price of teff.

Partial Autocorrelation Function for teff price
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Figure 4. PACF on transformed data of domestic retail price of teff.

ACF and PACF graphs for the data reflect the periodicity
of the data and may suggest the necessity for non-seasonal
and seasonal components in the model, according to visual
inspections of the aforementioned Figures 3 and 4. As a
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result, it is challenging to determine the order of a mixed
model in this circumstance. The auto.arima function in the
statistical software package R is the finest tool for
determining the order of a mixed model [27]. It selects the
best model form different candidate models with the lowest
AIC and BIC selection criterion values. The final model
chosen was SARIMA (2, 1, 4) x (0, 0, 2),.

Table 6. Parameter estimates of the final model.

Type Estimate Standard Z-value P-value
error
AR 1 -1.364399 0.129257 -10.5557 0.00000
AR 2 -0.642676 0.114852 -5.5957 0.00000
MA 1 0.601170 0.131165 4.5833 0.00000
MA 2 -0.522716 0.080349 -6.5055 0.00000
MA3 -0.627096 0.124846 -5.0230 0.00000
MA 4 -0.336641 0.068493 -4.9150 0.00000
SMA 1 0.218543 0.068033 3.2123 0.001317
SMA 2 0.100693 0.061790 1.6296 0.103185

The empirical findings of parameter estimations for the
SARIMA (2, 1, 4) x (0, 0, 2);, model are shown in Table 6.

The parameters of the final model differ significantly from
zero, with the exception of the final value for the seasonal
component. This led to the conclusion that, for predicting the
price of teff over time, the SARIMA model is preferable to
the ARIMA model.

3.6. Final Model Diagnostics

The fitted model residuals were evaluated in order to
assess the goodness of fit of the fitted SARIMA (2, 1, 4) x (0,
0, 2);, model in the modeling of the average monthly
domestic retail price of teff data. The model residual studies
were aided by the use of the standardized residuals, ACF of
residuals, and Ljung Box p-values [28].

Table 7 provided an overview of the Ljung Statistic to
check for auto-correlations in the residuals. There were no
auto-correlations in the residuals, as indicated by the Ljung
Statistic p-value being greater than 0.5. Since the residuals
could not be distinguished from a white noise series, the
SARIMA (2, 1, 4) x (0, 0, 2),, was thought to have a good fit
for the average monthly domestic retail price of teff data.

Table 7. The Ljung Statistic of final model.

Final model SARIMA (2, 1, 4) x (0, 0, 2);> Model Adequacy test

Critical value at 5% level of significance P-value

Residuals Box-Pierce-Ljung test

0.0011952 0.9724

Shapiro-Wilk normality test's null hypothesis was that the
residuals from the SARIMA (2, 1, 4) x (0, 0, 2),, model are
not normally distributed [29]. The residuals from the fitted
model were subjected to a normality test in Table 8, which
indicated that the residuals were normally distributed. The

SARIMA (2, 1, 4) x (0, 0, 2),, model seems to fit the average
monthly domestic retail price of teff data more closely,
according to the normality distribution of the fitted model
residuals.

Table 8. Normality test of residuals of final model.

Final model SARIMA (2, 1, 4) x (0, 0, 2), Normality test Critical value at 5% level of significance P-value
Residuals Shapiro-Wilk Normality test 0.83875 0.0000
PACF of residuals for price of teff
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Figure 5. ACF of residuals for final model of teff price.
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The diagnostic plots for the residual ACF and PACF of the
fitted SARIMA (2, 1, 4) x (0, 0, 2);; model were shown in
Figures 5 and 6. The goal of the model verification was to
evaluate if the residuals of the fitted model had any
systematic patterns that might still be eliminated to enhance
the selected SARIMA. This was accomplished by looking at
the residuals' autocorrelation and partial auto-correlation.

The plots revealed no evidence of serial correlation in the
residuals of the series, which had a mean close to zero and
fell below the tolerance line in the p-value plot. The fitted
model was appropriate and good in the modeling of the
average monthly domestic retail price of teff data because the

ACF and PACF of the residuals do not exceed a significant
bound from lag 1 to the end.

Therefore, all of the results suggested that the fitted model
successfully captured the data (it accounted for all the
information provided) and could be used to forecast the
domestic retail price of teff in the future.

3.7. Forecast of Price of Teff in Ethiopia

To predict the domestic retail price of teff over time, fitted
ARIMA (2, 1, 4) and SARIMA (2, 1, 4) x (0, 0, 2),, were
employed.

Table 9. Evaluation of forecasting for the final model.

Model Measures of forecast accuracy Value
Mean Absolute Error (MAE) 60.66594

ARIMA 2, 1, 4) Root Mean Square Error (RMSE) 62.96404
Mean Absolute Error (MAE) 60.60721

SR, T8 50 A Root Mean Square Error (RMSE) 62.87839

The average domestic retail price of teff data predicted for
the fitted model was visualized in Figure 7. The model
forecasting was done using the in-sample range data [30].
The straight line represents the model forecast, which was at
the start of the forecast range. Additionally included are the
confidence intervals for both the model forecast and the in-
sample range data.

Forecast of teff price in Ethiopia
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Figure 7. Forecast for price of teff in Ethiopia for the next five years.

Finally, we compare the predicted values of ARIMA (2, 1,
4) and SARIMA (2, 1, 4) x (0, 0, 2);, with the observed
values to determine which of the two fitted models is more
sparse. Mean Absolute Error (MAE) and Root Mean Square
Error (RMSE) were employed to assess their performance. In
Table 9, the ARIMA model's MAE and RMSE were
60.66594 and 62.96404, respectively, whereas the SARIMA
model's MAE and RMSE were 60.60721 and 62.87839. A

conclusion that the SARIMA model is much superior than
the ARIMA model in the modeling of domestic retail price of
teff data can be drawn from the fact that the MAE and RMSE
values of the SARIMA model were smaller than the MAE
and RMSE values of the ARIMA model.

4. Conclusion

The average monthly domestic retail price of teff per
kilogram (in birr) in Ethiopia from January 1996 to June
2023 served as the study's source of data. These prices are
expressed as payments per kilogram (in birr) and were
established by the Central Statistical Agency (CSA) of
Ethiopia. Teff's typical domestic retail price is steadily rising
in Ethiopia. As opposed to earlier years, the statistics for
2020-2023 show a high degree of variation in the domestic
retail price of teff, suggesting that the cost of teff varies
significantly from month to month.

The following aspects are outlined in light of the analysis
done in this study on the average domestic retail price of teff:
The average domestic retail price of teff is time-dependent,
according to the time series plot. The data has been converted
into a stationary time series through the first difference of the
transformed data before applying the series models. The
future price of teff in Ethiopia was predicted using the two
ARIMA and SARIMA models, which were compared. The
SARIMA (2, 1, 4) (0, 0, 2) model was the one that performed
the best in predicting the price of teff. It had the lowest mean
absolute error (MAE) and root mean square error (RMSE),
and was picked using the AIC and BIC. With the exception of
the final value for the seasonal component, the final model's
parameters differ significantly from zero. This led to the
conclusion that the SARIMA model is superior to the
ARIMA model for predicting the price of teff over time.

The most accurate model has been applied to forecast the
price of teff in Ethiopia in the future. Therefore, it is
predicted that over the next five years, the domestic retail
price of teff in Ethiopia will rise very quickly. The rapid rise
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in domestic demand brought on by rising incomes,
population, and urbanization is responsible for the high price.
To improve agronomic results, the Ethiopian government
must ensure ongoing public investment in teff research.
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