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Abstract
In recent years, many researchers have been using neural network (NN) model as
an instrument of their research. The motivation behind the application of NN is
that it can be used to solve any application problem, such as pattern recognition,
signal processing, process control and forecasting. Inference statistics procedure,
testing hypothesis, parameter distribution and cross validation have been developed
to select the best NN model. The aim of this research is to develop NN modeling
in statistic structure modeling and apply it to the inflation data in Indonesia. This
research is about optimizing the development of Feed Forward Neural Network
(FFNN) model procedure and its application. FFNN Model and Time series model
are evaluated based on RMSE, MAD and MAPE. The Best model is the one with
minimum RMSE, MAD and MAPE. One of the results is a new procedure based on
2
statistics inference, RIncremental
test, in NN model especially FFNN modeling. The
comparison between FFNN model and time series model shows that FFNN model
is better than time series model.
AMS subject classification: 62P20, 62M10, 92B20.
2
Keywords: FFNN, inference statistics, Rincremental
, ARIMAX, inflation

1.

Introduction

In the beginning, neural network (NN) was designed to model the architecture of the
nerves in human brain. However, researches on NN that have been widely conducted
recently are, especially, motivated by a promising possibility of using NN as an intrument
to overcome various application problems such as pattern recognition, signal processing,
process control, and time series forecasting [5], [15]. Feedforward Neural Networks
(FFNN) model is considered as an NN model that can be classified as a very flexible
model group; and as such it can be used for various applications. A specific form of
FFNN model that approaches the non-linear mapping using the sum of Gaussian kernels’
values (activation function) is known as Radial Basis Function (RBF) networks [9], [17],
[28].
Forecasting the data of time series is one field that widely uses NN model. Haykin
[14], Bishop [7] and Kaashoek and Van Dijk [16], were part of researchers that first
applied NN model to analyze time series data, i.e: forecasting non-linear signal raised
by computer. In the research development, inferential statistical procedures were applied
as well, to decide the best FFNN model. Based on Richard et al. [24], that Terasvirta
dan Lin in 1993 were the first researchers that applied inferential statistical procedures
to obtain the optimum number of units at the hidden layer of FFNN model with single
hidden layer. Some latest articles about forming FFNN model by applying the inferential
statistical procedures can be found in Kock and Terasvirta [18], Zhang [31], and Bagheri
et al. [4].
The procedures for establishing the right, valid, and reliable model is the main problem in modelling. Modelling data of time series is no exception. Within the last decade,
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NN model has been widely used to solve problems in economic data (inflation) modelling.
However, the development of NN model, especially on the procedures for establishing
a suitable model that result in an optimum architecture of NN, has not much been done.
Therefore, it is necessary to conduct further research to find a new procedure related to
the procedure for NN modelling of inflation data, especially for inflation in Indonesia.
Based on the condition and existing problems mentioned above, especially those
related to NN modelling of data inflation, this research is aimed to: (1) Study and develop
an optimum procedure to find out an input variable that is suitable for NN model; (2)
Study and develop an optimum procedure to find out the number of neuron unit in single
hidden layer; and (3) Compare and evaluate the accuracy of forecast resulted from the
application of NN model and the classical statistical model on data of inflation time
series. The following are the benefits expected to be gained from this research: (i) Find
a new procedure that will be able to help other researchers using NN as an instrument
of their research; and (ii) Find the most suitable model for inflation data in Indonesia
within a particular period of time.

2. Theoretical Background
There are two main theoretical bases that will be explained in this chapter, i.e.: the theory
of time series analysis, and the theory of feedforward neural networks (FFNN).
2.1.

Time Series Analysis

2.1.1 ARMA Process (Autoregressive-Moving Average)
A wide class of a stationary process can be generated by using white noise from a set of
different linear equations. This fact leads to an idea of autoregressive-moving average
or ARMA process.
A process {Yt , t ∈ 0, ±1, ±2, . . .} is defined as the process of ARMA(p,q) if {Yt } is
stationary and if for every t
Yt − φ1 Yt−1 − · · · − φp Yt−p = εt + θ1 εt−1 + · · · + θq εt−q

(1)

with {εt } ∼ W N(0, σ 2 ). {Yt } is defined as the process of ARMA(p,q) with mean µ if
{Yt − µ} is the process of ARMA(p,q). Equation 1 can be written symbolically in a
compact form as under:
(2)
φ(B)Yt = θ(B)εt
with φ and θ as polynomial exponents p and q, i.e.:

and

φ(z) = 1 − φ1 z − · · · − φp zp

(3)

θ(z) = 1 + θ1 z + · · · + θq zq

(4)

and B is a backward shift operator that is defined as
B j Yt = Yt−j , j = 0, ±1, ±2, · · ·

(5)
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Sing and Mishra [25], that Box dan Jenkins in 1976 introduced iterative procedures to
obtain the order of the most suitable ARIMA model for data of time series that cover:
identification step, parameter estimation, diagnostic examination, and forecasting. The
complete methodology related to the procedure for establishing ARIMA model can be
read in the books written by Tsay [29], Brockwell and Davis [8], and Liu et al. [21].
2.1.2 Transfer Function Model
Transfer Function Model is a model that describes a condition that the future forecast
value of a time series (defined as output series or Yt ) is based on the past value of the
time series and on one or more related time series (defined as input series or Xt ) with the
output series. The general form of single-input Transfer Model (xt ) and single-output
Transfer Model (yt ) is:
(6)
yt = µ + ν(B)xt + nt
with
= constant
= representation of stationary output series
= representation of stationary input series
= representation of error component (noise series) that follows
= a particular ARIMA model
ν( B) = ν0 − ν1 B − ν2 B 2 − · · ·

µ
yt
xt
nt

Form 6 can be formulated as under as well:
yt = µ +

ωs (B)
xt−b + nt
δr (B)

(7)

with
b = the number of period before input series (xt ) starts to influence output series
(yt )
ωs (B) = (ω0 − ω1 B − ω2 B 2 − · · · − ωs B s ) is the operator of order s, representing the
number of previous/past observations xt that influences yt
δs (B) = (1 − δ1 B − δ2 B − · · · − δr B r ) is the operator of the order r, representing the
number of past observations of the output series itself that influences yt .
The complete theory and methodology related to the procedure for establishing Transfer
Function Model can be found in Tsay [29], Brockwell and Davis [8], and Dudek [10].
2.2.

Feedforward Neural Networks

The most commonly applied architecture of neural networks (NN) in engineering is
Multi-Layer Perceptrons (MLP), also known as Feedforward Neural Networks (FFNN).
Figure 2 is an example of a special form of MLP with single hidden layer, known as
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FFNN with single hidden layer In this example FFNN is described to have three inputs
(i.e.: X1 , X2 , and X3 ), four neuron units in the hidden layer with activation function
,and one output unit with linear ativation function [2], [7], [11].
Within this architecture, the response values or output is calculated in the following
way:
H
I


βj ψ(γj 0 +
γj i Xi
(8)
Y (X) = β0 +
j =1

i=1

with (β0 , β1 , . . . , βH , γ10 , . . . , γH I ) as network weights or MLP parameters. The nonlinear function of Y (X) manifests through a function ψ that is defined as activation
function , that is usually a smooth function like logistic function sigmoid [12], [14],
[19]:
1
(9)
ψ(Z) =
1 + e−Z

Figure 1: MLP Architecture with single hidden layer, three input units
In its development, NN architecture for time series analysis has come to an architecture that contains recurrent variable. This kind of model is further known as ARMA-RNN
model or Autoregressive Moving Average Recurrent Neural Networks. Some articles related to the form of NN model containing the recurrent variable can be found in Andrawis
et al. [1], Birau [6], and Erdogan and Goksu [13].
2.3.

Asymptotic Characters of FFNN Estimator

Asymptotic characters of backpropagation estimator in FFNN with one hidden layer
has been discussed in detail by Moreno et al. [20] and Philip et al. [21]. It has been
explained previously that the main goal of network learning is to find out a solution w∗
to a problem of optimizing arg minw∈W Q(w) that is:
w∗ = arg minw∈W (Q(w) = E((Y − f (X, w))2 /2)
with w∗ as index of optimum network weights.

(10)
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With a penalty quadratic error, learning on the network has to come to w∗, that solves:
min E(Y − f (X, w))2 /2 = E([Y − E(Y |X)]2 /2)

w∈W

+ E([E(Y |X) − f (X, w]2 /2)

(11)

To find w∗ is a problem, that is exactly the same as to find the optimum parameters of
least squares approach for E(Y |X), a pre-conditioned expectation from Y given X [28].
The formal concept required to study the limit distribution (asymptotic) of ŵn is the concepts of convergence in distribution. Asymptotic distribution of ŵn depends on the basic
character of W ∗. In general W ∗ may comprise isolated dots and/or isolated flat parts. If
convergence happens to the flat part, the weight estimations ŵn will have asymptotic distributions that can be analyzed using the theory about a model that is partially identified.
These distributions are groupped as combined asymptotic Gaussian or “limiting mixed
Gaussian” (LMG). When w∗ is unique locally, the model is defined as identified locally
and weight estimations ŵn convergent to w∗ will have normal multivariate asymptotic
distribution [3], [32], [20].
White [30] has given a condition to make sure that ŵn comes with has normal multivariate asymptotic distribution, that is stated/explained in the following theorem:
Theorem 2.1. (White, [30]) Supposing that ( , F, P ), {Zt }, W, and l are like in
Theorem 3.1, whereas ŵn → w∗ as -P with an isolated element at W* in the interior
for W.
Considered as an addition, whereas for every z in Rv , l(z; ) , can be generated
continuously until order 2 at ∫ W ; whereas E(∇l(Zt , w∗) ∇(Zt , w∗)) < ∞; that every element of ∇ 2 l is dominated at W a function that can be made integral, and that
A∗ = E(∇ 2 l(Zt , w∗)) and B∗ = E(∇l(Zt , w∗))∇l(Zt , w∗) ) are non-singular measured matrices (s × s), with ∇ and ∇ 2 as notations of gradient (s × l) and Hessian
operators (stimess) towards w.
d
√
Therefore, it comes to n(ŵn − w∗) → N(0, C∗) , with C∗ = A∗−1 B ∗ A∗−1 . If
as an addition, every element of ∇l∇l  is dominated at W by a function that can be made
−1
integral, finally Ĉ n → C∗ a.s. −P , with Ĉ n = Â−1
n B̂n Ân , and
n
n
2
∇l(Zt , ŵn )∇l(Zt , ŵn )
t=1 ∇ l(Zt , ŵn )
Ân =
, B̂n = t=1
.
n
n

3.

Research Methodology

This research comprises two kinds of activities: First, a further theoretical study related to
the development of the procedure for establishing an optimum FFNN model for inflation
data; Second, an applied study related to the comparative evaluation on the accuracy
of FFNN forecast and time series model. Theoretical study is done by analyzing and
developing several procedures connected with the establishing of FFNN model to forecast
time series. On the applied study, real data, i.e.: inflation data in Indonesia; have been
used.
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Result and Discussion

4.1.

The Result of Theoretical Study to Develop FFNN Model

4.1.1

Inferential Statistics from the Additional Contribution R 2

Suhartono et al. [26] introduced a new procedure that is based on inferential statistics
from additional contribution. This statistcal test is constructed similarly with the one of
the linear model, known as gradual significance test. The test goes through three main
steps: Reduced Model, Full Model, and Establishing Statistical Test.
Whereas it is given a Reduced Model, generally it can be written in the form of:
Yt = f (Xt , ŵn(R) ) + εt(R)

(12)

with lR as the number of parameters estimated. On the other hand, if, for example, it is
given a Full Model that is more complex that the Reduced Model, it becomes:
Yt = f (Xt , ŵn(F ) ) + εt(F )

(13)

with lF as the number of the parameters estimated, and lF > lR . Therefore, the test
under H0 : w∗+ = 0, or test towards the additional weight parameter in the Full Model
equals zero, can be contructed through test F, that is:
F =

(SSE(R) − SSE(F ) )/(lF − lR )
∼ F(ν1 =[lF −lR ],v2 =[n−lF ])
SSE(F ) /(n − lF )

(14)

Statistical Test F can be formulated in the following form as well:
F =

(SSE(R) − SSE(F ) )/(df(R) − df(F ) )
SSE(F ) /df(F )

or
F =

2
/(df(R) − df(F ) )
Rincremental
2 /df
(1 − R(F
(F )
)

(15)

(16)

2
2
2
with Rincremental
= R(F
) − R(R) , df(R) = n − lR , as free exponent of Reduced Model,
and df(F ) = n − lF as free exponent of Full Model.
The first step of forming the FFNN model is to decide the number of neuron units
in the optimum hidden layer. In this step, the decision process is based on statistical
2
with a bigger amount of neuron units. After
significance test F for inference Rincremental
the number of neuron units in the optimum hidden layer is obtained, the next step is to
decide an optimum lag input variable. At the stage of obtaining an optimum lag input
variable, the decision conducted as the first procedure is done with a forward move that
is started with one lag input variable having the greatest R 2 value.
The next step is evaluating he significance of the additional contribution of lag input
2
, with statistical test F that is done iteratively until
variable through inference Rincremental
the optimum input variable is obtained.
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The implementation of the procedure for establishing the model that is being introduced here can be done simultaneously combined with including the criteria of choosing
the best model, for example: Schwarz Information Criteria (SBC) at the evaluating step
of the number of neuron units in the hidden layer and in the process of deciding the
optimum lag input variable. In addition, the procedure for establishing FFNN model by
only using the criteria of choosing the best model can be found out in [14].
4.2. Empirical Studies on the Forming of FFNN Model
2
through Inference Rincremental
Simulation data generated are the data that follow the model of Exponential Smoothing
Transition Autoregressive (ESTAR), i.e.:
2
) + ut
Yt = 6.5Yt−1 ėxp(−0, 25Yt−1

(17)

with ut ∼ I I DN(0, 052 ) The application of this procedure is started with FFNN involving six lag input variables (Yt−1 , Yt−2 , . . . , Yt−6 ), one constant input and six neuron
units in the hidden layer. The results of optimization to obtain the number of neuron
units in the hidden layer can bee seen in Table 1 and 2.
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The result of the implementation of further optimization, i.e.: step 2 and 3, can be
seen in Table 1. Step 2 of the optimization shows that the 1st and 4th neuron units in
the hidden layer can be excluded from the model. Hence, the optimum architecture of
FFNN with this data simulation implementing the backward procedure is FFNN with
one unit input Yt−1 , and two neuron units in the hidden layer or FFNN(1,2,1).
4.3.

Study on the Modeling of Indonesian Inflation Data

Inflation data in Indonesia used in this study are those monthly data that were observed
starting from January 2009 until April 2015, consisting of 76 observations. Modeling
process was done on the first 72 data (known as data training in NN model); while the
last 4 data were used to evaluate and to compare the forecast accuracy (data testing). The
inflation data can be seen graphically in Figure 2. From this figure, it can be explained
that the data has a relatively stationary pattern with a little seasonal variation.
The comparative evaluation of the forecast accuracy to choose the best model is done
by implementing the value of Mean Squares of Error (MSE), and the forecast error ratio
(represented by MSE). The complete result can be seen in Table 3.

Figure 2: Plot of Time Series of Inflation in Indonesia, January 2009.

3754

5.

Sukono, et al.

Conclusion

This research has been able to identify a new procedure for choosing FFNN model that can
be applied to forecast time series. This becomes the major contribution of this research.
2
with a forward scheme started
The procedure implements Statistical Test F on Rincremental
by deciding the number of units in the hidden layers, folowed by deciding/choosing the
optimum input variable. Empirical comparative results related to the forecast accuracy
between FFNN model and time series model on the inflation data shows that FFNN
model provides a better result than the time series model. However, it is applicable
under the condition that the early data processing in FFNN model is done correctly.
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