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Abstract
This study aimed to compare the predicted soybean yield values obtained from two statistical models, the
hierarchical Bayesian space-time and the Box and Jenkins models (ARIMA model). The first model considers
the temporal and spatial autocorrelation together and the second considers only the temporal autocorrelation.
For this purpose, soybean yield data from seven municipalities in the state of Mato Grosso provided by IBGE
were used. Given the results, we can concluded that, when the autoregressive temporal terms are properly
adjusted,the forecast by the Bayesian method is superior to the forecast by the ARIMA model, as agricultural yield depends heavily on climatic factors which can be incorporated in the model by Bayesian modeling.
Keywords: Bayesian hierarchical space-time models; Skew Normal; ARIMA; agricultural productivity.
1. Introduction
In the last years, the Brazilian agribusiness has been showing an expressive participation in the country’s
economy. According to Brazilian Ministry of Agriculture, Livestock and Supply (MAPA), in 2012, agribusiness represented roughly 23% of the Brazilian Gross Domestic Product (GDP), generated about 37% of
all jobs in the country and corresponded for approximately 39% of the Brazilian exportation. Besides that,
Brazil has reached a special position on the food world market as it is on the rank of the biggest producer
and exporter of agriculture products. Although agriculture is an extremely important activity to the country
from economic and cultural points of view, it has some risks that are rarely not seen in other activities. One
of the main risks that affects agriculture is the weather that can greatly influence agricultural production. For
instance, when there are strong raining season, frost damage , drought and pest in a specific rural property,
it is likely that these phenomena will extend to neighbouring areas.
In this way, the need to take into consideration the space dependency existing between producing areas
when modeling the agricultural productivity is evident Ozaki e Silva (2009). A second important point on
modeling is the probability distribution used. Historically the normal model was the most used for modeling
the productivity. However, the normal model has been highly criticized by several researchers , because it is
unable to detect the asymmetry and bimodality present in some data. On works of Nelson e Preckel (1989),
Babcock e Hennessy (1996), Coble et al. (1996) and Hennessy, Babcock e Hayes (1997)), the authors found
strong evidence of asymmetry and/or kurtosis in the distribution of the data and they chose to use the Beta
distribution.
So, in this work we will use the Skew-Normal distribution , since this distribution is able to capture the
asymmetry existing in in the distribution of the date(Azzalini (1985)). Another important point on the

studies of yield temporal series is the future harvests forecast. The agricultural productivity forecast has been
considered by rural producers, government and financing agencies to, respectively,estimate their production
costs as strategies for public policies and profit estimation.
Thus, the main objective of this paper is to evaluate the efficiency of crop yield forecast on soybean farms in
the state of Mato Grosso using the hierarchical bayesian with spacial and temporal dependency and ARIMA
models.
Also, the goal of this paper is to understand the data generating process using the hierarchical bayesian with
spacial and temporal dependency and autoregressive integrated moving average(ARIMA) models. To do so,
we used data from seven municipalities in the state of Mato Grosso made available by IBGE ( not aggregated
data). In the next section, we present the Skew Normal distribution and the statistical models hierarchical
bayesian with spacial and temporal dependency and ARIMA. In section 3 we show the data, in section 4 we
present the results and discussions, and in section 5 the conclusion and future works.
2.Statistical Methods
Skew Normal distribution
The family of distribution the skew-normal probability (SN) is a parametric distribution class that provides
a continuous transition from normality to non-normality by means of a single parameter λ (asymmetry
parameter) Azzalini (1985). Consider Y a random variable, its probability density function depends on three
parameters, µ ∈ R (location parameter), σ > 0 (scale parameter) and λ ∈ R (parameter form) and is given
by:
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where φ is the probability density function and Φ is the cumulative probability distribution of a standard
normal random variable.
In this paper, we used the approach proposed by Henze (1986), which shows the distribution as a mixture of
normal distribution and half-normal.
Bayesian Hierarchical Model
Considering that yij is the agricultural productivity in the municipality i at the given time j (i = 1, ..., n
and j = 1, ..., T ) that follows a Skew normal distribution, that is, yij ∼ SN (µij , σ, θi ), we have the following
hierarchical structure of the model given by:
y ∼ SN (µij , σ, θi )
Pm
Pp
l
0
where µij =
l=1 βyl x +
k=1 φi yi,jk , βi = (βi1 , ..., βim ) represent the coefficients of the deterministic
0
trend and φi = (φi1 , ..., φip ) is the autoregressive coefficients of the stochastic trend. The spatial correlation
can be modeled by:
βil = ψil + ωl

(1)

in which ωl follows a normal distribution (ωl ∼ N (µω , σω2 )) and ψi , has a priori conditional autoregressive
distribution (CAR) (ψi = (ψl1 , ..., ψln )0 ∼ CAR(σψ2 l ) described in Krainski (2012). It is also assumed that
all parameters are independent and prior distributions for hyperparameters are determined (details can be
found in section 4).

As a criterion to identify the best model we used the loss function that employs the predictive distribution
proposed by Gelfand e Ghosh (1998) defined by:
Z
f (ynew /yobs ) = f (ynew /ΘM )p(ΘM /yobs )dΘM
where ΘM represents all the model parameters M. This approach compares the observed data yobs to the
provided data ynew from the adjusted model. A convenient choice of loss can be the loss of square error defiP
ned as: (y − ynew )2 . We assume MSPE as the mean square prediction error (M SP E = i (yi − ynewij )2 /m)
P
and the absolute error MAPE (M AP E = i |yi − ynewij |/m), where m is the number of observations in the
sample. A model with lower MSPE or MAPE should be preferred.
ARIMA model
Supposing that the stationary productivity series is Yt = ∆d Zt , we can represent Yt by an autoregressive
moving averages model- ARMA(p,q). Defined by:
1 − φ1 Yt−1 + φ2 Yt−2 + ... + φp Yt−p − at = µ + at − θ1 at−1 − θ2 at−2 − ... − θq at−q
Φ(B)Yt = Θ(B)at .
Thus, ARIMA (p, d, q) can be written as: Φ(B)∆d Zt = Θ(B)at , where at is a White Noise (0, σ 2 ).
3. Description of Data
The data used in this paper are of average soybean yield (kg/ha) from 1990 to 2012 and were collected and
made available by the Brazilian Institute of Geography and Statistics. In this paper, we selected a cluster
of seven soybean producing municipalities of the state’s central region (Sorriso, Sinop, Tapurah, Lucas do
Rio Verde, Nova Mutum, Diamantina and Nobres), in which each one contains 23 evaluated observations.
Based on dataset, a descriptive analysis was carried out in each municipalities, in order to detect any hint
of linear deterministic trend. Then, the Dickey Fuller test was used to check the stationarity of times series
and thus determine the appropriate model according to Box Jenkins methodology. The Bayesian hierarchical
model was considered only for the autoregressive term (φi ). All analyzes were performed using the R software
(version 3.0.3).
4. Results and Discussion
Table 1 presents some descriptive statistics for the soybean yield data of the selected municipalities.

Table 1: Descriptive statistics for the selected series.
Municipalities
Sorriso
Sinop
Tapurah
Lucas do Rio Verde
Nova Mutum
Diamantino
Nobres

Obs.(N)
23
23
23
23
23
23
23

Average
2876.87
2721.391
2748.391
2863.478
2833.391
2747.609
2630.217

Median
3000
2862
2800
2893
2880
2877
2600

Standard Deviation
391.1261
446.4401
379.9689
447.3624
346.6506
304.3682
439.4835

Asymmetry
-0.8851
-0.8059969
-0.7761
-0.5663
-0.81988
-0.4034
0.2206042

Kurtosis
3.2667
3.09919
2.3377
2.4700
3.3259
2.1634
2.502637

We can note that all series have median larger than the mean, except for Nobres, and consequently negative
asymmetry. Furthermore, the average productivity of soybean municipalities was 2774.48 kg/ha and presents
maximum and minimum productivity 2721.39 kg/ha and 2876.87, respectively. The plot of the series suggests
that productivity in the respective cities is a linear deterministic trend as seen in Figure 1.

Figure 1:

Soybean Productivity series for the selected municipalities

After the stationarity test by Dickey Fuller was performed, we concluded that all the series presented stochastic trend. Therefore, the removal of this tendency by differentiating the series is required. The construction
of the ARIMA model was performed using the iterative cycle of Box and Jenkins methodology (specification, identification, estimation, verification and diagnosis) and the criteria used to model selection was BIC
(MORETTIN; TOLOI, 2006). Thus, the appropriate model for the series under study are shown in Table 2.

Table 2: ARIMA models for the chosen municipalities
Municipalities
ARIMA(p,d,q)

1-Sorriso
(1,1,0)

2-Sinop
(1,1,0)

3-Tapurah
(0,1,3)

4-Lucas do Rio Verde
(0,1,5)

5-Nova Mutum
(1,1,0)

6-Diamantino
(2,1,0)

7-Nobres
(1,1,4)

Note that for the municipalities of Sorriso, Sinop and Nova Mutum only differentiation and an autoregressive
term are sufficient to model the series. However, for the other cities other autoregressive terms and moving
average are needed.
In this paper only one time-dependent autoregressive term (φi ) was added to the Bayesian hierarchical
model. The model is described as:
• Stage 1: likelihood
yit ∼ SN (µit , σ 2 λ) µit = ai + bi xit + φi yi,t−1

bi = ψ i + ω

b2 =

1
w1

1
τ=√
σ

i = 1, . . . , 7;

δi = p

λi
1 + λ2i

• Stage 2: Prioris
ψi ∼ CAR(τc ),

φi ∼ N (µφ , τφ ) λi ∼ N (0, b2)

t = 1, . . . , 20

• Stage 3: Prioris
ai ∼ N (0.1, 10−4 ) τ ∼ U nif (0, 100)

ω ∼ N (0, 10−4 )

τc ∼ G(10−4 , 10−4 ) µφ ∼ N (0, 10−5 ) τφ ∼ G(10−3 , 10−3 ) w1 ∼ G(1000, 1000)
In order to carry out the predictions, the last 3 observations were taken in so that we could compare them
to the values estimated by the models. Figure 2 presents the forecasts for all municipalities of both models.
It can be observed that for the municipalities of Sorriso, Sinop, Nova Mutum and Diamantina forecasts in
step 1 (for the next harvest) were best estimated by Bayesian model, because the ARIMA model for these
series equates,it with the Bayesian model. Therefore, the Bayesian model is the one with better predictions
for considering the spatial dependence between producer cities.
The municipalities of Tapurah, Lucas do Rio Verde and Nobres, the forecasting of Arima model was more
efficient because these models are needed for other autoregressive or moving average terms to model series,
which was not considered in the Bayesian model. Thus, we can concluded that to forecast one step ahead
(next season) in autoregressive terms that are set correctly, the Bayesian models have better predictions than
ARIMA models.

15

20

10

15

3000

20

5

tempo

10

15

3000
2000

5

2500

2500

3000

Produtividade

3500

3500

Tapurah

Série Original
Previsão Arima
Previsão Bayesiano
20

Série Original
Previsão Arima
Previsão Bayesiano
5

tempo

10

15

20

tempo

Nobres

10
tempo

15

20

3000
2500

Produtividade
5

2000

Produtividade

2000 2500 3000 3500

3500

Lucas do Rio Verde

Série Original
Previsão Arima
Previsão Bayesiano

10
tempo

Diamantino

Produtividade

Série Original
Previsão Arima
Previsão Bayesiano

2000

Produtividade
5

tempo

2500

3500
10

2500

Produtividade
5

Série Original
Previsão Arima
Previsão Bayesiano

1500

3000
2500

Série Original
Previsão Arima
Previsão Bayesiano

2000

Produtividade

Nova Mutum

3500

Sinop

3500

Sorriso

Série Original
Previsão Arima
Previsão Bayesiano
5

10

15

20

tempo

Figure 2: Forecasts using the Bayesian and the ARIMA model.
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5. Conclusions
In this paper, we studied the soybean yield series from seven neighboring municipalities in the state of Mato
Grosso. All of them use the hierarchical Bayesian and arima models. In addition, we used the skew-normal
distribution for modeling yield series.
According to the results we can concluded that, for the series with properly adjusted time dependence (a
difference and an autoregressive term) Bayesian model showed better results. It is possible in this model to
capture the spatial dependence between municipalities. However, forecasts for a period of more than a year
ahead were not satisfactory for this model, which was expected because yield is a phenomenon that depends
on the weather conditions as well as crop diseases and pests, wich the present model cannot account for.
In order to improve forecasts, we can consider other autoregressive terms and/or moving averages into the
Bayesian model and incorporate explanatory variables to predict yield.
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