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Abstract. Recently, neural network (NN) has been widely studied and applied in many areas, including in time
series forecasting. Most existing studies have focused on the univariate cases. Here, we extend neural network
application to multivariate data, particularly in time series analysis. The proposed model is Vector Autoregressive
Neural Network (VAR-NN), which is generated from Vector Autoregressive (VAR) model and represents
a nonlinear and nonparametric model.
We examine the performance of VAR-NN based on train-validation sample approach. From simulation study, we
show that VAR-NN yields perfect performance both in training and in testing for non-linear function
approximation. A case study in tourism problem is carried out to demonstrate how the proposed model is adequate
to solve the real problem. We also apply VARIMA model to that case and compare the forecast performance
obtained from those two models. There are two variables involved in the case study, i.e., the occupation of starhotels and non-star hotels in Yogyakarta. The results indicate that the nonlinear VAR-NN model produce more
accurate forecast than linear VAR models in training set, whereas it tends to get lower performance in testing set.
However, we find that the best model achieved in this research comes from the class of VAR-NN.
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1. Introduction
There has been a growing interest in applying neural network to many areas, particularly in time series
forecasting problem. Neural network is a flexible method to approximate functional relationship. Contrary to the
classical methods, neural network does not require prior knowledge of the underlying data. It is appropriate to
solve problems where pre-assumption or past knowledge is difficult to be formulated. In this case, Neural
network represents a non-linear and non-parametric method [11,17].
Many studies of the forecasting performance demonstrate that neural networks have successfully estimated the
non-linear model and provided high accuracy forecasts. The examples of this approach are rainfall prediction in
Johor, Malaysia [7] and airline passenger [14]. Typical applications of neural network are in economic
forecasting problems, specifically on financial data, such as stock market prediction [5], inflation in America
[4], inflation in Indonesia [4] and other financial forecasting [6, 9, 10, 11, 13, 15].
All those studies mentioned above have focused on the univariate time series. In real world, we frequently find
the time series that involve interdependency among different series of variables, which are referred to as vector
time series or multivariate time series. The existing method to forecast multivariate time series is Vector
Autoregressive and Moving Average (VARMA) model representing a linear model and requiring tight preassumptions. Accordingly, we offered the more flexible approach, i.e. neural network model to estimate and to
forecast the non-linear model for multivariate time series case. The proposed model is Vector Autoregressive
Neural Network (VAR-NN) which is generated from Vector Autoregressive (VAR) model. This model belongs
to the class of a very popular neural network called Feed Forward Neural Network.
The main goal of this paper is to show that the VAR-NN model performs well in estimating and forecasting
non-linear time series model. The performance is relied on mean squared error (MSE). In addition, we give the
coefficient correlation to highlight the superiority of VAR-NN to predict non-linear model. To obtain the goal,
we employ data simulation. Additionally, we applied the model in tourism problem including the occupation of
star-hotels and non-star hotels data in Yogyakarta. To evaluate VAR-NN performance, we compare the results
to those obtained from linear model VAR.
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2. VARMA (Vector Autoregressive Moving Average) Model
The VARMA model is the extension of the univariate ARIMA model, which describes relationships
among several time series variables. In this model, each variable not only depends not only on their past values,
but also on the past values of other variables. The VARMA (p, q) model can be expressed as [16]

Φ p ( B) Z t = Θ q ( B) a t
where

Φ p ( B) = I − Φ 1B − Φ 2 B 2 − L Φ p B p
and

Θ p ( B) = I + Θ1 B + Θ 2 B 2 + L Θ p B p
are autoregressive and moving average matrix polynomials of orders p and q, respectively, and

{a t }

is

sequence of white noise vector with zero mean and constant variance. Estimating and forecasting procedures
relied on autocorrelation and partial autocorrelation matrix can be seen on [1, 2].

3. VAR-NN (Vector Autoregressive Neural Network) Model
Feed forward neural network (FFNN) is the most frequently used model in applications of time series
forecasting. Typical FFNN with one hidden layer for univariate case generated from Autoregressive model is
called Autoregressive Neural Network (ARNN). We generalize that model for multivariate cases. The proposed
model is Vector Autoregressive Neural Network (VAR-NN) derived from Vector Autoregressive (AR) model.
The architecture of VAR-NN is constructed similarly to that of AR-NN, with the output layer contains more
than one variable (multivariate). In this case, the input layer contains the variables of the preceding lags
observations of each output variable. The nonlinear estimating is processed in the hidden layer (layer between
input layer and output layer) by a transfer function. The architecture of VAR-NN in general case is complex;
hence, we give the architecture with single hidden layer for bivariate case (see Figure 1.). The following
discussion describes the functional form of VAR-NN for architecture of the type illustrated in Figure. 1.
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Figure 1. Architecture of VAR-NN (bivariate case) with single hidden layer
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Let zt = ( z1,t ,..., zm ,t )′ be the time series process consists of m variables influenced by the past p lags values.
The input vector can be written as

z = ( z1,t −1 ,..., z1,t − p ,..., z m ,t −1, ..., z m ,t − p )
Thus, there are p × m neurons in the input layer. If the scalar h denotes the number of hidden units then weight
matrix (the network parameters) for the hidden layer has dimension (p × m) × h, where

⎡ w1,t −1,1
⎢ M
⎢
⎢ w1,t − p ,1
⎢
w=⎢ M
⎢ wm,t −1,1
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M
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M ⎥
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⎥
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M ⎥
M w1,t − p ,h ⎥⎦
M

The constant input unit is involved in the architecture, and connected to every neuron in the hidden layer, and in
the output layer. This yields bias vectors α = (α1 , α 2 ,..., α h )′ in the hidden layer and β = ( β1 , β 2 ,..., β m )′
in the output layer. As there are m variables in the output layer, the weight matrix for output layer takes the form

⎛ λ1,1 λ1, 2
⎜
⎜ λ2,1 λ2, 2
λ =⎜
M
M
⎜
⎜λ
⎝ m,1 λm ,2

L λ1,h ⎞
⎟
L λ2,h ⎟
O
M ⎟
⎟
L λ m,h ⎟⎠

Then the output of the model of VAR-NN can be defined as

zt = λ F (( zw)′ + α ) + β + ε t

(1.a)

or more explicitly
h

m

p

zl ,t = ∑ λ lk Fk (∑∑ wi ,t − j ,k zi ,t − j + α k ) + βl + ε l ,t
k =1

where

, l = 1, ..., m,

(1.b)

i =1 j =1

ε t = (ε 1,t , ε 2,t ..., ε m ,t ) ′

is error vector and F is a transfer function operated to vector element of

zw + α. A commonly used function is logistic sigmoid function. Function F in the (1.b) model becomes

⎛ m p
⎞
Fk ⎜ ∑∑ wi ,t − j ,k zi ,t − j + α k ⎟ =
⎝ i =1 j =1
⎠

1
⎛ ⎛ m p
⎞⎞
1 + exp ⎜ − ⎜ ∑∑ wi ,t − j ,k zi ,t − j + α k ⎟ ⎟
⎜ i =1 j =1
⎟
⎠⎠
⎝ ⎝

(2)

We apply back propagation algorithm to estimate the parameters of the neural network model, or as learning
method, in term of neural network. The explanation of the learning procedure is described completely in [8].
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4. Simulation Design
The simulation study is designed to highlight the superiority of VAR-NN in modeling and forecasting the
nonlinear multivariate time series data. We want to show that the proposed model performs very well which is
indicated from the small MSE value and the coefficient correlation value that close to unity.
The Monte Carlo experiment is applied to generate non-linear multivariate time series data. In this study, we
implement the experiment only for bivariate case. The model is generated based on the Exponential smooth
transition autoregressive (ESTAR) model. Since it is for univariate case, we manipulate the model for bivariate
data. The functional relationship is of the form:

xt = 6,5 xt −1 exp[−0, 25 xt2−1 ] + 3,5 yt −1 exp[ −0, 45 yt2−1 ] + rnorm[1,0,0,5]

(3)

yt = 4, 5 xt −1 exp[ −0,15 xt2−1 ] + 5,5 yt −1 exp[−0, 25 yt2−1 ] + rnorm[1,0,0,5]
The simulated data consist of 300 observations, splitted into 250 observations for in-sample set (training data)
and the rest for out-of-sample set (testing data). Then, VAR-NN model is implemented to in-sample set to
estimate the model. Two criteria are employed to evaluate the model performance: MSE and the coefficient
correlation values of both in-sample and out-of-sample data. We show the out performed of the VAR-NN
models based on those values compared with the known out-of-sample MSE of the simulation model which will
be referred to as the true model in the next discussion.

5. Simulation Results
In this study, we examine the neural network model with one hidden layer, whose number of hidden unit
ranging from 1 to 10. Based on the model (3), the input of neural network consists of two variables, i.e. one past
lag of each output variable. The neural network model estimation is employed by back propagation algorithm
with transfer function (2). The results of the simulation study are illustrated in Figure 2. displaying the mean
square error (MSE) related to the in-sample (training) set and out-of-sample (testing) set of two variables. It
appears that the MSE values approach the mean squared error (MSETM) of true model, and become stably after
the size of the model is three. In addition, as shown in Figure 3, the correlation coefficient of two data sets is
close to unity. This suggests that the predicted values almost exactly equal to the values of the true model. Based
on this observation, we show that the neural network performs very well in forecasting the non-linear model.
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Figure 2. The mean square error values related to the training and testing sets of two variables.
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Figure 3. The correlation coefficients related to the training
and testing sets of two variables.

6. Empirical Study in Tourism
We use the hotel occupation data of star-hotels and non-star hotels in Yogyakarta started in January 1991 and
ended in December 2003. Time series plot of the original data is illustrated in Figure 4. We employ
standardization process on the observed data. The model building of VARIMA is processed by implementing
PROC STATESPACE program in part of SAS package. The steps of the model estimation is done through the
following procedures: the identification by using MACF, MPACF, and AIC value, parameter estimation, check
diagnostic to verify that the residual of the model satisfy the white noise requirement.

Figure 4. Time series plot of the hotel occupation data in Yogyakarta
Estimating model is based on the first 120 data, and the rest are kept as the test for forecasting evaluation. After
following all those steps, we obtain the best VARIMA model for this case is of the form
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⎛ ⎛ z1 (t ) ⎞ ⎛ −0.38 0 ⎞ ⎛ z1 (t − 1) ⎞ ⎞ ⎛ 0
0 ⎞ ⎛ a1 (t − 1) ⎞ ⎛ a1 (t ) ⎞
⎜⎜
⎟−⎜
⎟⎟ = ⎜
⎟+⎜
⎟
⎟⎜
⎟⎜
0 ⎠ ⎝ z2 (t − 1) ⎠ ⎠ ⎝ 0 −0.57 ⎠ ⎝ a2 (t − 1) ⎠ ⎝ a2 (t ) ⎠
⎝ ⎝ z2 (t ) ⎠ ⎝ 0
where, z1(t) and z2(t) are non-seasonal(d = 1) and seasonal (D = 1, S = 12) differenced series, respectively.
Model estimation of the type VAR-NN illustrated in Figure 1. is applied using the same data set as in model
building of VARIMA. To develop the VAR-NN, we consider three models with different input variables. The
first model uses the same inputs as those of VARIMA model, i.e. inputs lag 1, 2, 12, 13, and 14. The input
pattern of the second and the third models are (1, 12, 13, 14), and (1, 12, 13), respectively. Then, we investigate
all those different models with different number of hidden units. We concentrate on the MSE value of out-of
sample set to evaluate the forecast performance of the models and to choose the best model in each model
investigated.
The results of the VAR-NN together with the corresponding values for VARIMA model are summarized in
Table 1. Note that the MSE V1 represents the MSE value of the first variable, similarly, MSE V2 represents the
MSE value of the second variable. The total MSE corresponds to the MSE value of model. Not surprisingly that
the performance of VAR-NN models in training data are satisfy, indicated by their smaller MSE values than
that achieved from VARIMA model. The out-of-sample performance of VAR-NN models tend to over fitting.
However, we find that one of the models observed (VAR-NN with input lag 1, 12, 13) yields better performance
than VAR model in out-of-sample set. For this reason, we recommended VAR-NN with input lag 1, 12, 13 as
the best model to forecast the hotel occupation in Yogyakarta.
Table 1. The results of VAR-NN and VAR models
Model

MSE of In sample data
V1

V2

Total

MSE of Out-of- sample data
V1

V2

Total

VAR-NN with input lag 1, 2, 12, 13, 14

0,200

0,15

0,18

0,436

1,036

0,786

VAR-NN with input lag 1, 12, 13, 14

0,269

0,376

0,323

0,308

1,327

0,817

VAR-NN with input lag 1, 12, 13

0,242

0,290

0,266

0,359

0,637

0,498

VAR

O,

0,662

0,536

0,308

0,785

0,546
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7. Conclusions
It has been demonstrated that the proposed VAR-NN can estimate non-linear function perfectly and
gives forecasts accurately in Monte Carlo simulation study. The empirical results on tourism problem show the
superiority of VAR-NN in training compared with VARIMA model, but the models tend to over fitting in
testing. We suggest VAR-NN with input lag 1, 12, 13 as the best model to forecast the hotel occupation in
Yogyakarta. From the results, we may also see that the input pattern influences the forecast accuracy. Further
research is necessary to develop inputs selection procedure that significantly including in the model to gain
appropriate forecast performance for multivariate time series case.
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