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Abstract 
Time series models are promising tools for forecasting commodity prices. 
However, their applications to guide producers in agricultural investments 
and marketing decisions are still limited. This article compares the ARIMA 
and Holt-Winters Exponential Smoothing models in terms of forecasting the 
monthly wholesale rice price in Tanzania. Even with very little difference, the 
Holt-Winters additive model showed the best results for forecasting rice 
prices compared to the ARIMA model. Thus, both models can be used to 
forecast the prices of agricultural products. 
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1. Introduction 

One of the main challenges facing smallholder farmers in developing countries is 
fluctuating prices. Agricultural prices tend to vary and fluctuate rapidly over 
time, as prices always adapt to various changes [1]. High price fluctuations can 
influence production decisions as it becomes difficult for the producer to predict 
the exact level of future prices or to adjust the timing of the sale [2]. Price fluc-
tuations also offer traders the opportunity to manipulate price information at 
the farm level [3]. A risk-averse producer will produce less output when faced 
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with price uncertainty and vice versa, ultimately affecting food supplies availa-
bility. Price uncertainty also hurts poor consumers as they have to reduce their 
food consumption or, in extreme cases, simply starve. In addition to its impact 
on individuals, price volatility can significantly impact economic and social resi-
lience, and hamper economic growth [4] [5] [6]. 

Tanzania is primarily an agricultural country, and rice being among the main 
crop produced; it’s associated with risks and uncertainties [7]. Production risks 
include losses of drought, pests, and disease, which can be minimized by the ap-
propriate use of technology and agricultural insurance [8]. On the other hand, 
price risks are more difficult to avoid because prices vary according to the supply 
and demand behavior of commodities in domestic and foreign markets [2]. In 
general, smallholder rice farmers are exposed to risks of price fluctuations that 
can compromise business profitability and, therefore, need to invest in innova-
tive planting techniques and make predictions of the future price situation to 
plan the investments and costs [7] [9]. One of the alternatives to reduce uncer-
tainty in the economic decision-making process is to use time series forecasting 
models [10]. 

Given the economic importance of rice in Tanzania, which is the second most 
important crop after maize, the most traded crop than any other food crop, em-
ploys over 1.6 million people and is highly produced by small farmers (about 90 
percent) [11] [12]. This article aims to use time-series statistical models to fore-
cast rice prices in Mbeya region (one of the major rice-producing regions in 
Tanzania) and identify the most suitable model. The study is justified by the fact 
that there is little research with time series models to predict commodity prices. 
Such analysis can provide tools that help farmers and policymakers in their deci-
sion-making. In this study, the models to be tested are the Holt-Winters Expo-
nential Smoothing and the ARIMA model, models that can predict trends and 
seasonality. The rest of the paper is structured as follows: Part 2 describes the 
data and methods, which constitute the data types and econometric techniques 
used in this article. Part 3 illustrates the results, while Part 4 offers conclusions. 

2. Data and Methods 
2.1. Data 

The data used for empirical analysis are monthly rice prices (quoted in Tanza-
nian shillings per 100 kg) marketed at wholesale markets in the Mbeya region 
from January 2004 to September 2019, totaling 189 observations. The data set 
was obtained from the Ministry of Industry and Trade, Tanzania1. The free 
software R was used to develop the ARIMA and Holt-Winters Exponential 
Smoothing models. For the choice of the best model, we reserved the last nine 
observations of the series for comparison with the predicted values. The descrip-
tive results for the wholesale rice prices including mean, maximum, and stan-
dard deviations are presented in Table 1. 

 

 

1See http://www.mit.go.tz/. 
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Table 1. Descriptive results of the nominal wholesale rice pricesa. 

Measure Values 

Mean 116,371.23 

Median 108,541.57 

Standard Deviation 47,876.44 

Coefficient of variation 0.41 

Minimum 44,545.62 

Maximum 229,375.35 

Observations 189 

Note: aPrices are in (1000) Tanzanian shillings. 

2.2. Method 

The use of the ARIMA and Holt-Winters exponential smoothing models to 
forecast rice prices relied on their ability to predict time series data showing both 
trend and seasonal variation. The objective is to choose the best model for pre-
dicting the prices of agricultural products. 

2.2.1. ARIMA Model 
Among the statistical models developed to predict future values based on a his-
torical database is the Autoregressive Integrated and Moving Averages (ARIMA) 
model. Proposed by Box & Jenkins [13], the model is suitable for describing sta-
tionary and non-stationary series. The methodology consists of fitting ARIMA 
models (p, d, q) to a data set. Where p is the number of terms of the autoregres-
sive part (AR), d is the number of successive differences, and q is the number of 
terms of the moving average part (MA). 

The procedure for searching a stochastic model that represents a time series is 
an iterative process consisting of three phases: Identification phase, where the 
condition of stationarity, the behavioral structures such as trend, seasonality, pe-
riodicities, and the issues of data correlation (autocorrelation) are verified; Esti-
mation phase through which suitability of the considered model is validated 
based on estimated parameters; and Diagnosis phase where the model adjust-
ment through residual analysis, statistical tests, and model selection/adequacy 
criteria is verified [13]. 

When a time series has a time-dependent mean and variance, it is not statio-
nary, and it will need to be transformed. The most common transformation is to 
take successive differences from the original series to a stationary series [14]. 

The first difference of tZ  is defined by: 

1t t tZ Z Z −∆ = −                          (1) 

The second is given by: 
2

1 22t t t tZ Z Z Z− −∆ = − +                      (2) 

In typical situations, according to the authors, it will be sufficient to take one 
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or two differences for the series to become stationary. The number of differences 
needed to make the series stationary is called the order of integration d. The in-
clusion of the integration order term allows the use of the ARIMA models (p, d, 
q) given by the equation: 

1 1 2 2 1 1 2 2
d

t t t p t p t t t q t qZ Z Z Zφ φ φ ε θ ε θ ε θ ε− − − − − −= + + + + − − − −∆       (3) 

where 1, , pφ φ , are the parameters for the autoregressive part and 1 2, ,θ θ , 
are the moving average, tε  is an error that cannot be estimated from the mod-
el, d represents the number of differences applied in the series. 

As the main objective of the ARIMA model is to generate future forecast val-
ues, the paper uses the Akaike Information Criterion (AIC) proposed by Akaike 
[15] to assess the degree of accuracy of the forecasts. 

( ) ( )2 2
ˆAIC ln e

p q
n

σ
+

= +                     (4) 

where 2ˆeσ  is estimated error variance; n is the sample size, and p, q are the pa-
rameter values. 

From the above criteria values, it is possible to choose the most suitable model 
to make predictions h steps ahead; the lower the criteria values, the more suita-
ble the model for making predictions. In addition to the selection criteria, we 
analyzed the white noise condition of the waste through the Ljung-Box test [16]. 

2.2.2. Holt-Winters Exponential Smoothing Model 
Holt-Winters exponential smoothing model can be divided into a multiplicative 
model and additive model. The choice of the model depends on the seasonal 
component of the series. 

The model equations are given by: 

( )0 1 Additivet t tZ t SN IRβ β= + + + →                (5) 

( )0 1 Multiplicativet t tZ t SN IRβ β= + × × →              (6) 

With three smoothing equations (Equations (7) to (9)): 

( ) ( )( )1 11 Levelt t t l t tl y sn l bα α− − −= + − + →              (7) 

( ) ( )1 11 Trendt t t tb l l bγ γ− −= − + − →                 (8) 

( ) ( )1 Seasonalt t t t lsn y l snδ δ −= + − →                (9) 

where (γ, and δ) are smoothing constants, l is number of seasons in a year, tSN  
is a seasonal pattern and tIR  refers to irregular components. 

3. Empirical Result 
3.1. Estimation of ARIMA Model 

Before starting a time series analysis, it is necessary to identify the stationarity 
properties of the data series. The nature of the series (Figure 1(a)) leads us to 
differentiate the series to make it stationary (Figure 1(b)). 

The autocorrelation (ACF) and partial autocorrelation (PACF) graphs (Figure 
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2) indicates which model to use. The differentiated ACF graph gives us an indi-
cation of a significant autoregressive parameter (p), and the PACF graph de-
monstrates one parameter for moving averages (q). 

In order to identify the best ARIMA model, we tested several competing mod-
els. Table 2 shows the best significant ARIMA models for the rice price series 
studied. 

According to the Akaike information criterion (AIC) [15], the best model to 
predict the rice prices studied is ARIMA (0, 1, 3) (2, 1, 0) [12] (see Table 2). To 
confirm the model’s fit, we checked whether it meets the white noise assump-
tions. Figure 3(a) shows the distribution of the residuals and Figure 3(b) veri-
fies that the errors are concentrated in the range of (−2, 2), which means that 
there is no variance, i.e., the errors are around the mean. Looking at the ACF  

 

 
Figure 1. (a) Original price series; (b) Price series with the first difference. 

 

 
Figure 2. Autocorrelation (ACF) and Partial Autocorrelation (PACF). 

 
Table 2. Competing ARIMA models. 

ARIMA AIC 

(0, 1, 3) (2, 1, 0) [12] 1279.418 

(3, 1, 0) (2, 1, 0) [12] 1281.175 

(1, 1, 2) (2, 1, 0) [12] 1282.015 

(0, 1, 0) (2, 1, 0) [12] 1284.557 

(2, 1, 1) (2, 1, 0) [12] 1284.995 

(0, 1, 2) (2, 1, 0) [12] 1285.58 

(1, 1, 0) (2, 1, 0) [12] 1286.215 

(0, 1, 1) (2, 1, 0) [12] 1286.297 

(2, 1, 0) (2, 1, 0) [12] 1286.623 

(1, 1, 1) (2, 1, 0) [12] 1288.122 

Note: A good model is the one that has minimum AIC among all the other models (Akaike, 1974). 
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and PACF plots (Figure 4), we can see that there is no significantly non-zero 
autocorrelation in any lag, so the data are independent and demonstrates a good 
fit for the model. 

After identifying the best fit model, the next step was to forecast rice prices for 
the next 24 months. The results of the fitted values (180 months) (Figure 5(a)) 
and the predicted values (Figure 5(b)) show that the forecast prices for both pe-
riods are within the allowable range and can therefore be justified in predicting 
future rice prices. 

To further justify the results, we compared the forecast results of the ARIMA 
model with nine steps ahead and the actual rice prices for the same period. The 
results in Table 3 show that the predicted price values for the specified period 
are very close to the actual price values. In addition, the actual values are within 
the low and high limits at both the 80 and 95 percent significance level. Based on 
these results, it is clear that the ARIMA model can be used to forecast the prices 
of agricultural products. 

3.2. Estimation of Holt-Winters Model 

The Holt-Winters model falls into two categories, additive and multiplicative. In 
order to choose the best model, we first find the fitted values for the additive and 
multiplicative models. In the second step, we compared the fitted values of the 
models to the original series. The model that best corresponds to the price series 
studied was then chosen to compare with the ARIMA model. According to Fig-
ure 6(a) and Figure 6(b), the best model using the selection criteria was the  

 

 
Figure 3. (a) Graphs of residuals; (b) QQ-Plot. 

 

 
Figure 4. Autocorrelation (ACF) and partial autocorrelation (PACF) function of Residual. 

 

 
Figure 5. (a) Fitted values within the observed period; (b) Forecasts with 24 months ahead. 

https://doi.org/10.4236/oalib.1107381


Y. J. Mgale et al. 
 

 

DOI: 10.4236/oalib.1107381 7 Open Access Library Journal 
 

Holt-Winters additive model. 

3.3. Model Comparison 

In order to compare the two models, we used the MAPE (Mean Absolute Per-
cent Error) selection criteria. As proposed in the methodology, the last nine ob-
servations of the nominal rice price series were reserved for the comparison of 
the proposed models. The results in Table 4 show that both models could be  

 
Table 3. Predicted against real values (h = 9). 

Period 
Predicted Price Values Actual Price 

values Point Forecast Lo 80 Hi 80 Lo 95 Hi 95 

Jan 2019 137.676 124.102 151.249 116.917 158.435 140.120 

Feb 2019 149.031 128.863 169.199 118.187 179.876 143.630 

Mar 2019 159.297 132.958 185.636 119.015 199.579 150.450 

Apr 2019 158.986 129.149 188.822 113.356 204.616 153.675 

May 2019 153.901 120.937 186.865 103.487 204.315 145.678 

Jun 2019 140.985 105.165 176.804 86.203 195.766 133.750 

Jul 2019 142.618 104.154 181.082 83.792 201.443 130.950 

Aug 2019 138.452 97.514 179.389 75.842 201.061 140.120 

Sep 2019 144.117 100.846 187.388 77.939 210.294 143.630 

Note: Prices are in (1000) Tanzanian shillings. 
 

 
Figure 6. (a) Additive model; (b) Multiplicative model. 

 
Table 4. Forecast results of the models under analysis (h = 9). 

Period 
Holt-Winters  

(MAPE = 5.3314) 
ARIMA (0, 1, 3) (2, 1, 0) [12] 

(MAPE = 5.7512) 
Actual price  

values 

Jan 2019 140.393 137.675 140.120 

Feb 2019 141.033 149.031 143.630 

Mar 2019 147.561 159.297 150.450 

Apr 2019 148.129 158.986 153.675 

May 2019 141.136 153.901 145.678 

Jun 2019 128.449 140.985 133.750 

Jul 2019 128.574 142.618 130.950 

Aug 2019 123.266 138.452 125.500 

Sep 2019 123.330 144.117 127.496 

Note: Prices are in (1,000) Tanzanian shillings. 
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used to forecast rice prices studied. However, according to the MAP selection 
criteria, the price values predicted by the Holt-Winters additive model are closer 
to the original rice prices than those predicted by the ARIMA model (see Table 
4). Thus, on the basis of these results, the Holt-Winters additive model is more ef-
ficient in predicting the prices of agricultural products than the ARIMA model. 

4. Conclusions 

In this study, we looked at forecasting agricultural commodity prices using the 
time series model. The data used are the wholesale rice prices in Tanzania for the 
period January 2004 to September 2019. The study found that both of the stu-
died models (Holt-Winters and ARIMA) performed well in predicting rice price 
values. However, in the model comparison, although by very little difference, the 
Holt-Winters additive model was closer to the actual data. Thus, it is clear from 
this article that time series can be used to forecast the prices of agricultural 
products, not only rice but also other crops, thus helping producers, policymak-
ers and other actors to make informed production and marketing decisions. 

Furthermore, this study is limited to rice prices in Tanzania. Therefore, simi-
lar studies on other agricultural products are also recommended. 
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