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Abstract: This paper aims to use the computational intelligent techniques and hybrid models for forecasting time series data based

on 100 generated data of the Autoregressive integrated moving average (ARIMA) models. There are three scenarios used in this study.

Furthermore, the performances were evaluated based on three metrics mean square error (MSE), mean absolute error (MAE) and mean

absolute percentage error (MAPE) to determine the more appropriate method and performance of model. The results of this study show

that the hybrid ARIMA-ANN model was better than other models. The results also proved that applying hybrid models can improve

the forecasting accuracy over the ARIMA and ANN models.
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1 Introduction

Time series analysis and forecasting is a dynamic research area that plays important role in planning and decision making
in several practical applications. Different kinds of forecasting models have been developed, and researchers have relied on
statistical techniques to predict time series data. The idea of predicting future events of a time series based on its previous
values received a strong impulse after Box and Jenkins (1970). They introduced a modeling cycle for the autoregressive
(AR) model, which assumes that future events of a time series data can be expressed as a linear dependency to the past
values. However, in real life, time series are mostly non-linear and nonstationary, such as financial and economic time
series. Computational intelligence methods are computational methods that have been designed to handle the problems
which traditional methods cannot solve effectively. Support vector machines (SVM), artificial neural networks (ANN),
and fuzzy systems are the main categorical of computational intelligence methods [1]. These algorithms are considered as
intelligent because of their ability to adapt to complex systems. SVM and ANN are very popular alternative algorithms to
the ARIMA models for non-linear time series forecasting. However, time series data can contain both linear and nonlinear
patterns. To address this, using a hybrid model can give better results in forecasting. Both linear and nonlinear patterns
of the time series can be modeled by this method. While ARIMA model is used to capture the linear behavior of the
time series data. ANN is used to model the nonlinearity in the series. In this paper we carried out a simulation study to
evaluate and compare the performance of the ARIMA, computational intelligence methods, and hybrid method for time
series forecasting under some time series models. One sample size, with size n=100 is used, and data are generated from
a set of autoregressive integrated moving average model with three different combination of parameters. The following
sections contains the simulation design and the simulation results that provide a comparison of the of the hybrid model,
and the other models in terms of their accuracy.
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2 Related Works

In the literature, there are a small number of studies on forecasting time series using machine learning algorithms, from
researchers of diversified areas of economic, statistics, engineering, and science. [2] have revealed that the machine
learning methods are the most popularly used in financial time series prediction. This method is popular because of its
ability to identify the changes in price of financial markets with near accurate and the income will be generated just
because of this accuracy in predictions. The researchers have tried to disprove the general theory of the financial
economists that the predictability and profitable trading in financial market could not be made exactly by any technique
rather than econometric methods. The authors have tried to prove that machine learning models are well be used in the
accurate prediction of financial market than the best econometric methods. The authors have concluded that the financial
forecasting is influenced by the factors such as market maturity, the methods used for the prediction, the scope for which
it develops forecasting, the methodology used to access the model, and last but not the least the simulate model-based
training. The investigational analysis shows that advanced prediction models are very much useful to predict the price
changes in financial markets. [3] presented machine learning methods to statistical time series forecasting and compared
the correctness of those methods with the correctness of conventional statistical methods and found that the machine
learning methods are better and out top using both measures of accuracy. They provide the reason for the accuracy of
machine learning methods is less that of statistical models and suggested some other achievable ways. [4] used two
machine learning methods: Support Vector Machine (SVM) and K-Nearest Neighbor (KNN) for gold price forecasting.
The sample data of the gold price were taken from November 1989 to December 2019. Data up till November 2016 were
used to build the model while the remaining data were used to forecast the gold price and to check the accuracy of the
models. The results indicated that the SVM method had a better forecast quality (in terms of MSE, MAE and MAPE)
than KNN. [5]proposed a hybrid model of Autoregressive Integrated Moving Average (ARIMA) and Support Vector
Machine (SVM) to predict the future value of Natural Rubber (NR) prices. The experimental results show that the
proposed model performs the best whereby compared to single ARIMA and SVM models. The results also show hybrid
model can be an effective tool in improving the forecasting accuracy by reducing the model forecast error. [6] used
tree-based methods for time series forecasting and compared the correctness of those methods with the correctness of
conventional statistical methods. The results indicated that the random forest method had a better forecast quality (in
terms of MSE, MAE and MAPE) than other methods.

3 Predictive Models and Data

In this Section, we present the predictive models and data used in this study. We present the forecasting models, as well
as the models used for simulation. Additionally, we present the model evaluation criteria carried out in this study.

3.1 Predictive Models

3.1.1 ARIMA Model

Autoregressive integrated moving average (ARIMA) model forecasts variable based on linear dependency to the past
values to it. The models defined as AR, MA, and ARMA are preferred for stationary time series analysis. However, in
real life, time series are mostly non-stationary. To fit stationary models, it is essential to get rid of the variation of non-
stationary sources in time series. One solution to this, Box and Jenkins introduced the ARIMA model which can effectively
transform the non-stationary data into stationary by introducing a differencing process and overcome the limitation [7]. In
ARIMA models, the initial step is to eliminate this non-stationarity using differencing. It is done by subtracting a current
observation from observation at the previous time step. As an example, a first-order differencing can be done by replacing
yt by yt − yt−1. By this procedure, the stationary model that is fitted to the differenced data must be summed or integrated
so that it can provide a model for original non-stationary data [8]. Therefore, the ARIMA model is called Integrated
ARMA. The general form of the ARIMA(p, d, q) process is described as:

∆yt = Φ +θ1∆yt−1 +θ2∆yt−2 + .....+θp∆yt−p + εt −λ1εt−1 −λ2εt−2 − ...−λqεt−q (1)

where ∆yt is the differenced new series (after the subtractions) The right-hand side ”predictors” include both lagged
errors and lagged values of yt , εt is WN(0,σ2), θ = (1, ..., p) and λ = (1, ...,q).
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3.1.2 Support Vector Machine (SVM)

SVM is a computational intelligence method that attempts to find a hyperplane in the original input space to separate
a given training set correctly and leave as much distance as possible from the closest instances to the hyperplane on
both sides. The idea of SVM is to separate the dataset into a high-dimensional feature space and find the hyperplane
that maximizes the margin [9]. The objective of SVM is to find a decision rule with good generalization ability through
selecting some particular subset of training data, called support vectors. Assume a non-linear function, given by y(x):

y(x) = wT φ(x)+ b (2)

where, w is the weight vector, b is the bias or threshold, and (x) represents a high-dimensional feature space that is
nonlinearly mapped from the input space x. The goal of SVM is to determine the values of w and b to orientate the
hyperplane to be as far as possible from the closest samples. The coefficients w and b are estimated by minimizing the
following function:

min(
1

2
wT w) (3)

subject to the following constraints:
{

yi −wT φ(xi)− b ≤ ε

wT φ(xi)+ b− yi ≤ ε

This gives:
yi(w

T φ(xi)+ b)− 1≤ 0 (4)

The goal of the objective function in Equation (3) is to make the function as ”flat” as possible; that is, to make as
”small” as possible while satisfying the constraints. In order to solve Equation (3), slack variables are introduced to cope
with possible infeasible optimization problems. One silent assumption here is that f (x) exists; in other words, the convex
optimization problem is feasible. However, this is not always the case; therefore, one might want to trade off errors by
flatness of the estimate. This idea leads to the following primal formulations as stated in Vapnik (1995):

minimize
1

2
wT w+C

m

∑
i=1

(ζ+
i + ζ−

i ) (5)

subject to:











yi −wT φ(xi)− b ≤ ε + ζ+
i

wT φ(xi)+ b− yi ≤ ε + ζ−
i

ζ+
i ,ζ−

i ≥ 0

Where φ(x) is a kernel function and and C (> 0) is a pre-specified regularization constant and represents the weight
of the loss function.

3.1.3 Artificial Neural Networks (ANN)

ANN are a part of Artificial Intelligence that have improved the mechanism of human thinking. ANN can be considered
as a computer model or mathematical algorithms based on biological Neural Networks (brain). The idea of ANN revolves
around how to simulate the brain through computers. The main feature of ANN is its capability to learn. ANN have
aroused considerable interest in such diverse fields as medicine, biology, psychology, computer science, mathematics,
economics, and statistics. The main reason behind this interest lies in the fact that ANNs are a general, flexible, nonlinear
tool adept of approximating any kind of arbitrary function [10]. For the problems of time series forecasting, it is suitable
to use the dynamic neural networks (DNN), where the network output depends on the present and previous values. NAR
network makes the future forecasting of the data by using that data previous values. NAR network structure can be written
as:

y(t) = f (y(t − 1),y(t − 2), ...,y(t − n))+ e(t) (6)

Where y(t) is a time series which values network is trying to forecast using series own n number of lags, e(t) is the error
term that occurs as result of difference between forecasted and actual values, while f (.) is the transfer function of network
which is often log-sigmoid (as pre-determined by MATLAB), however it could be re-specified if desired.

y(t − 1),y(t − 2), ...,y(t − n) are called feedback delays, and can be thought of as an input layers in the system, while
y(t) is the output of the network.
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3.1.4 Hybrid ARIMA-ANN Models

In recent years, the researchers have tried to use hybrid models instead of a single model for predicting time series data,
where one of them offset the shortage of other. Combination between time series models and neural networks will give
the most accurate results than if we use all of them alone. A given time series data may have both linear and nonlinear
characteristics. So, a suitable combination of both linear and nonlinear models, yields a more accurate prediction model
than individual models for forecasting time series data of different origin [11]. The hybrid model consists of a linear model
ARIMA and a nonlinear model ANN. According to Khashei and Bijari [12], it is reasonable to consider a time series can
be considered as a function of a linear and a nonlinear component, as shown in the Equation (7):

yt = f (Lt +Nt) (7)

Where Lt denotes the linear component and Nt denotes the nonlinear component. These two components are estimated
from data using the following three steps. First, ARIMA model is used to model linear components in the data. Second,
calculate the residual from the linear. Let rt denote the residual which is represented by

rt = f (yt − L̂t) (8)

The residual represents nonlinear components that cannot be modeled by ARIMA model. Finally, ANN is used to
implement functional relationship between the past observed data yt−1,yt−2, ...,yt−n, present forecast of linear component
L̂t , and data , present forecast of linear component , and past error data rt−1,rt−2, ...,rt−n as indicated in Equation (9):

yt = f (yt−1,yt−2, ...,yt−n,rt−1, L̂t ,rt−2, ...,rt−n) (9)

Fig.1 shows the flowchart for the hybrid model, ARIMA -ANN.

Fig. 1: Flowchart of the hybrid ARIMA -ANN model

3.2 Data

Data were simulated from a set of ARIMA models ((ARIMA (0,1,1), (ARIMA (1,1,0) and (ARIMA (1,1,1)) models with
size n=100 using the arima.sim function in R. Each model is replicated 100 times using different initial random seeds for
the error term. The series are described in Table 1 and depicted in Fig. 2.
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Table 1: Simulation experiments, their respective models, and their parameters

Experiment Model parameters Size (total, testing)

1s ARIMA (0,1,1) θ1 = 0.8 (100,10)

2 ARIMA (11,0) φ1 = 0.6 (100,10)

3 ARIMA (1,1,1) θ1 = 0.4,φ1 = 0.5 (100,10)

Fig. 2: The time plots of the series: (a) Experiment one, (b) Experiment two, (c) Experiment three

3.3 Model Evaluation

Model evaluation process is as important as model development process. According to accuracy performance results,
the process of model development including selection of a proper method, hyperparameter optimization, etc. could be
reevaluated until obtaining the most appropriate model. The accuracy performance of predictions can only be determined
by considering how accurate a model performs on a new dataset which is not used while developing the model. It is
important to find the best prediction method that produces the most accurate results in the evaluation process. Various error
metrics have been developed in the literature to measure ”the most accurate” one. The error metrics define ”error” et as the
difference between actual observed value Y and its prediction Ŷ at time t. This difference refers to the unpredictable part
of the corresponding observation. In this study we used three well-known error metrics to evaluate models performances.
• Mean Squared Error (MSE) is defined as follows:

MSE =
1

n

n

∑
i=1

(yi − ŷi)
2 (10)

• Mean Absolute Error (MAE) is defined as follows:

MAE =
n

∑
i=1

|yi − ŷi|

n
(11)

• Mean Absolute Percentage Error (MAPE) is defined as follows:

MAPE =
1

n

n

∑
i=1

|yi − ŷi|

yi

× 100 ,yi 6= 0 (12)

4 Results

To evaluate the prediction capability of the predictive models, the predictive models are applied to the three simulated
series. The prediction performance measures involved in this paper consist of three measures: mean square error (MSE),
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mean absolute error (MAE) and mean absolute error (MAPE). Table 2 presents the obtained prediction performance
results through ARIMA, SVR, ANN, and the hybrid model in terms of MSE, MAP, and MAPE. From Table 2, it can be
clearly seen that hybrid model have achieved lower errors than other models. This may suggest that neither ARIMA nor
ANN model captures all of patterns in the data. For example, model one, in terms of MAPE, the hybrid ARIMA-ANN
model can improve 81.03% over than ARIMA model in the test data. In addition, the hybrid ARIMA-ANN can improve
53.24% over than ANN model in the test data.

Table 2: The obtained prediction performance results

Model
Experiment one Experiment two Experiment three

MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE

ARIMA-ANN 0.35 0.44 2.31 0.65 0.55 2.02 0.63 0.65 1.01

ANN 1.15 0.98 4.94 0.88 0.71 2.61 1.34 0.96 1.51

SVR 1.16 0.99 5.01 1.01 0.83 3.08 1.93 1.19 1.82

ARIMA 9.06 2.59 12.18 29.19 4.45 18.02 161.42 11.14 17.8

Fig. 3 shows the comparison of actual values and forecast values for all three time series. The ANN, SVR, and hybrid
model were found to predict closer to the actual value and have a similar pattern with the actual data. Meanwhile, ARIMA
and other model show unsatisfactory forecasting performance with the actual data.

Fig. 3: Actual and Forecast Results for: (a) Experiment one, (b) Experiment two, (c) Experiment three
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5 Conclusion

The paper aimed to find the best performing model for the time series data, to find out whether statistical, computational
intelligent techniques or hybrid models are more accurate for forecasting time series data. The predictive models were
applied to the simulated data generated from ARIMA models and comparing between models to see which one is better
in forecasting the time series data. The results show that the hybrid model can give the best performance in the data set
and measures (i.e., MSE, MAE and MAPE) and has an acceptable performance for modeling and forecasting of time
series data in all the considered situations. The most important finding was that applying hybrid models can improve the
forecasting accuracy over the ARIMA and ANN models.
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