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We explore the data from U.S. Energy Information Administration and 
Bureau of Labor Statistics over the time period from January 2009 through 
December 2016, along with such U.S. government statistics as GDP, CPI, 
Unemployment Rate, Total Hourly Earnings, and New Construction Index. 
We forecast the U.S. weekly and monthly crude oil and weekly gasoline 
prices using simple moving average (MA), simple exponential smoothing 
(SES), autoregressive integrated moving average (ARIMA), and support 
vector regression (SVR) to determine which model provides the best 
forecasting results. Moreover, we forecast monthly gasoline prices using 
multiple linear regression (REG) and artificial intelligence models, in 
addition to MA, SES, and ARIMA. 

 

1. Introduction 
 
Crude oil prices fluctuate significantly. A sudden drop of crude oil prices in the last couple 
of years has caught many countries and business organizations off-guard scrambling to 
deal with the resulting economic and financial ramifications. At the same time, consumers 
around the world seem to enjoy the resulting relatively low gasoline prices that somewhat 
follow the wild ride of crude oil prices. As a result, crude oil price forecasting has been an 
interesting and challenging research subject both in academia and for practitioners.  
 
We found that during the period 2009 through 2016, ARIMA and REG outperform SVR 
and ANN in forecasting crude oil and gasoline prices, which is contrary to the consensus 
from the mainstream literature. Moreover we propose that MA (2) or ESE (α = 0.9) models 
be used for initial short-term forecast, and ARIMA be used for more accurate results. 
 
This paper is organized as follows. Section 2 reviews the literature in dealing with crude oil 
and gasoline price forecasting methods. Section 3 discusses research methodology in 
terms of data collections and analytical tools. Section 4 analyzes time series and artificial 
intelligence models. Finally, section 5 offers concluding remarks of this research.  
 

2. Literature Review  
 

Simple moving average (MA) and simple exponential smoothing (SES) are the most 
commonly used forecasting methods for time series data in U.S. government statistics and 
stock Wall Street prices (Huntington, 1994; Abramson and Finizza, 1995). Autoregressive 
integrated moving average (ARIMA) models are the most prominent time series models, 
where its autocorrelation function (ACF) and partial autocorrelation function (PACF) are 
used to help select data driven model parameters (Ord and Fildes, 2013). When it is done 
correctly, ARIMA models can provide very accurate forecasting results, especially for 
short-term time series data (Xiong, Bao, and Zhong, 2013). Multiple Linear Regression 
models (REG) is a multivariate statistical technique used to forecast the dependent 
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variable such as gasoline prices based on a set of independent variables (Chinn, LeBlanc, 
and Coibion, 2005; Yang, Han, Cai, and Wang, 2012). MA, SES, ARIMA, and REG 
models are often used as benchmarks to measure forecasting on crude oil and gasoline 
prices against more advance artificial intelligence models their easy to analyze and 
reasonable forecasting accuracy. 
 
Support vector regression (SVR) and artificial neural network (ANN) have been widely 
used to forecast crude oil and gasoline prices (Sehgal and Pandey, 2015). SVR is a 
special case of support vector machine (SVM), where SVM is a type of learning machine 
implementing the structural risk minimization inductive principle on a limited number of 
learning patterns (Basak, Pal, and Patranabis, 2007). SVR computes a linear regression 
function in a high dimensional space where the input data are mapped via a nonlinear 
function (Vapnik, 1995). Artificial neural network (ANN) is a mathematical structure 
designed to mimic the information processing functions of a network of neurons in the 
brain (Hinton, 1992). An ANN typically has three layers that are interconnected. The first 
layer consists of input neurons. Those neurons send data on to the second layer, which in 
turn sends the output neurons to the third layer (Haidar, Kulkarni, and Pan, 2008). An 
ANN is trying to find a random function between the input data, via the hidden layer, and 
the output. Once the appropriate function has been determined, the output will eventually 
be generated for forecasting and prediction purposes. However, a major drawback of the 
ANN analysis is that it is difficult to interpret the process in meaningful statistical or 
business perspectives due to the fact that the hidden layer is always considered as a 
black box. 

 

3. The Methodology and Model  
 
We collect the data both for crude oil and gasoline prices, along with other related time 
series data. For crude oil, we collect both weekly and monthly spot price time series data 
($/barrel) on West Texas Intermediate (WTI) crude oil for the period January 2009 through 
December 2016 (the most recent data available). For gasoline, we collect both weekly and 
monthly U.S. regular gasoline price time series data ($/gallon) over the same time period 
January 2009 through December 2016. In addition, we collect the following monthly U.S. 
government statistics in order to forecast gasoline prices using multiple linear regression 
and ANN, both of which require a set of dependent variables:  
 

 Gross Domestic Products (GDP)  (%) 

 Unemployment Rate (%) 

 Consumer Price Index (CPI) (%) 

 Total Hourly Earnings ($/hour) 

 Construction (New Housing) Index 
 

Table 1 presents the weekly crude oil and gasoline prices during the period 2009 
through 2016. It is seen from Table 1 that gasoline prices have a positive correlation with 
these of crude oil prices, but not perfectly, indicating a non-linear relationship after a 
dramatic drop from June 2014 to January 2015. 
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Table 1: Weekly Gasoline price ($/Gallon) & Crude Oil Price ($/Barrel) 

 

4. The Findings 
 
Table 2 compares all the models on monthly gasoline prices forecasting in terms of model 
accuracy. We find that the multiple regression is ranked the best, ANN is the second best, 
ARIMA is third, and SVR is the last, which is contradictory to the consensus in the 
literature where ANN and SVR are often claimed to outperform REG and ARIMA. 

 

 

Table 2. Monthly Gasoline Results (MA, SES, ARIMA, SVR, ANN) 

 

5.  Summary and Conclusions 
 
We find the following two observations are very interesting and different from most 
literature. First, we found that during the period 2009 through 2016, ARIMA and 
Regression outperform SVR and ANN in forecasting crude oil and gasoline prices, as 
seen in Tables 6, 8, and 9. One possible explanation is that for short-term or intermediate-
term forecasting on crude oil and gasoline prices, AIRMA and/or Regression may in fact 
outperform such artificial intelligence models as SVR and ANN. Second, we also found 
that simple moving average of MA (2) or simple exponential smoothing of SES (α = .9) can 
be used for short-term forecasting, as seen again in Table 9, due to their easy to use and 
reasonable model accuracy.  
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