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Abstract 

Understanding how traffic flows respond to fuel price changes is useful for traffic management. 

This study uses a dataset of 11.9 million hourly observations from 118 traffic count stations 

over 2010–2017 to investigate the relationship between the gasoline price and traffic flows in 

the state of New South Wales, Australia. The findings suggest that higher gasoline prices 

reduce traffic flows, with an average effect size of –0.04 in the hourly estimates. The elasticity 

is particularly pronounced during off-peak periods, both on weekdays (–0.10) and weekends 

(–0.07). In contrast, a positive effect of gasoline prices on traffic flows is observed for peak 

periods on weekdays (0.06). Evidence is also obtained that afternoon peak-hour speeds are 

faster when gasoline prices are higher, consistent with a lowering of traffic density. The 

research also finds a negative price elasticity of gasoline demand and that people are more 

likely to use public transport when gasoline prices are higher. The findings suggest that fuel 

excise plays a role in both reducing overall road dependence and alleviating the severity of 

some peak-hour traffic jams. 
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1. Introduction 

Traffic congestion is estimated to cost more than A$5 billion per annum across metropolitan 

Sydney, a figure that has been predicted to reach around A$8 billion by 2021 (NSW 

Government 2019). There are many factors that are likely to affect road traffic demand, 

including demographic, geographic, and economic variables. Among these, prices are likely to 

be key factors that drivers take into account when considering how, where, and when to travel 

(Litman 2019). Transport prices include fuel prices, road tolls, parking fees, and public 

transport charges. Fuel prices are particularly relevant given the size of fuel costs in the cost of 

driving. Understanding motorist responses to fuel price changes is useful for plans to manage 

growing road traffic flows and for pursuing objectives such as easing traffic jams, improving 

road safety, and reducing atmospheric pollution. 

Fuel prices are thought to affect road traffic demand primarily via the following mechanisms: 

1. When fuel prices are high, drivers may reduce trip frequency and distance. They could 

do this by working at home or by substituting to closer locations (Austin 2008). 

2. Higher fuel prices could cause drivers to change their commuting modes. For example, 

they may switch from personal cars to carpooling or public transport (Currie and Phung 

2008; Fullerton and Walke 2013; Rohani and Pahazri 2018). 

3. In the longer run, people may adjust their home and work locations in response to a 

higher fuel price (Graham and Glaister 2002; Chi et al. 2013). 

This paper focuses on the effect of gasoline prices on observed traffic flows. Traffic flows are 

useful to study as a higher flow means that more vehicles are enjoying the benefit of flowing 

past a specific point during a given time window. Traffic flow is expected to be monotonically 

related to traffic demand in conditions that are not hypercongested. In hypercongested 

conditions, a reduction in traffic demand would be expected to lead to boosted traffic flow due 

to the alleviation of traffic jams. 

New South Wales (NSW), Australia’s most populous state, was chosen as a case study because 

it has an extensive network of traffic count stations for which hourly data on vehicle flows are 

available over a relatively long period. The study uses what is thought to be the largest dataset 

to date on road traffic vehicle flows – around 11.9 million observations.1 These are hourly 

observations from 118 traffic flow count stations over the period January 2010–December 2017. 

The analysis utilizes the richness of the dataset to explore potential heterogeneity in effects. 

Gasoline price elasticities of traffic flow are estimated separately for peak and off-peak periods, 

and heterogeneity analysis is carried out for Greater Sydney versus outside Greater Sydney, 

the Sydney central business district (CBD) versus elsewhere, toll roads versus toll-free roads, 

and highways versus other roads. Estimates of the gasoline price elasticity of peak-hour speeds, 

the gasoline own-price elasticity of demand, and the gasoline price elasticity of public transport 

ridership are presented, and lagged effects of gasoline prices on traffic flows are explored. To 

address potential endogeneity issues, the log world crude oil price is used to instrument the log 

local gasoline price in some estimates. 

 
1 Although the raw dataset used by Bento et al. (2013) has 114 million observations, they summed 

hourly traffic flows to the weekly level, arriving at an estimation sample of around 700,000 observations. 
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The results indicate that higher gasoline prices on average reduce hourly traffic flows, with an 

effect size that is highly inelastic. The gasoline price elasticities of traffic flows during off-peak 

periods on both weekdays and weekends are negative. A positive elasticity is obtained for 

weekday peak periods, a finding that suggests that higher gasoline prices help to alleviate 

hypercongestion at these times. It is also found that higher gasoline prices lead to an increase 

in travel speeds in afternoon peak periods, consistent with a reduction in the density of vehicles 

on the road. The medium-run impact of higher gasoline prices on vehicle flows is found to be 

similar to the short-run impact. The proportional effect of gasoline price changes on the 

quantity of gasoline demanded is larger than the effect on traffic flows, and a positive 

relationship is observed between gasoline prices and the use of public transport. 

There are numerous studies that have investigated road-sector responses to gasoline prices. 

Most have found that people choose to reduce driving or switch to more fuel-efficient vehicles 

to save fuel when fuel prices increase (Dahl 1979; Dahl and Sterner 1991; Goodwin et al. 2004; 

Gillingham 2011; Li et al. 2012; Gillingham and Munk-Nielsen 2019). A negative relationship 

between fuel prices and road fatalities has been found for both Australia and elsewhere 

(Grabowski and Morrisey 2004; Wilson et al. 2009; Chi et al. 2010; Burke 2014; Burke and 

Nishitateno 2015; Burke and Teame 2018; Best and Burke 2019). 

From a policy point of view, fuel excise can be seen as an alternative to distance-based road 

pricing, although one that is insensitive to the location and time of driving and is only relevant 

for vehicles with internal combustion engines. Congestion pricing is a theoretically superior 

approach for addressing congestion externalities provided that it can be efficiently 

implemented. While various forms of road-use pricing have been discussed in Australia 

(Productivity Commission 2006), little progress has been made towards adoption. The traffic 

flow and speed results in this paper provide information that helps to understand the effect of 

gasoline prices on the underlying level of congestion. 

The remainder of the paper is structured as follows. Section 2 briefly describes traffic flow 

theory, which underpins the analysis. Section 3 describes the data. Section 4 describes the 

empirical model. Section 5 reports the empirical results. Section 6 investigates the impact of 

fuel price changes on fuel demand and public transport. Section 7 relates the results to prior 

studies. Section 8 concludes. 

2. Traffic flow theory 

The fundamental equation for the relationship between the three characteristics of traffic – flow, 

density, and speed – is: 

𝑞 = 𝑘𝑣                                                                                                                                        (1) 

where 𝑞 is flow, defined as the rate at which vehicles pass a point on a road, measured in 

vehicles per hour; density 𝑘 is the number of vehicles occupying a given length of roadway, 

measured in vehicles per kilometer; and 𝑣 is the space-mean speed, measured in kilometers per 

hour on average for each vehicle. 

Figure 1 sketches these relationships in the form of the fundamental diagram of traffic flow. 

The traffic state can be divided into two primary regimes. If density is below the road’s capacity 
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𝑘𝑐 , it is called the “congested state”. When the density is near zero, people can drive at a 

maximum speed of 𝑣𝑓  (free speed) determined by the performance of vehicles and the 

conditions and speed limit of the roadway, without stress from other vehicles. If density is near 

zero, the flow is also near zero because there are few vehicles on the road. As the density 

increases, the flow also increases since more vehicles are using the road, and the average speed 

tends to decline somewhat due to the presence of other vehicles. This continues until 𝑘𝑐 . 

When 𝑘𝑐  is reached, this is called the “hypercongested state”. Average speed starts to reduce 

sharply because of the large number of vehicles on the road. The flow of vehicles also starts to 

decline. The maximum density is called 𝑘𝑗 (“jam density”). At 𝑘𝑗, average speed slows to zero. 

The flow approaches zero as well because vehicles cannot move. 

Figure 1 Fundamental diagram of traffic flow 

 
Source: Immers and Logghe (2003) 

The focus of the econometric estimations in this study is traffic flows rather than densities. 

Flows represent the number of people benefiting from the transport service in a time window 

(i.e. number of people flowing past a count station in an hour), which is a valuable measure. It 

is also the measure that is comparable to the public transport flow data that are utilized later in 

the paper, such as data on the number of people using the bus system in a month. Prior studies 
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also tend to focus on flow data (e.g. Burke et al. 2017). Density data (vehicles per kilometer) 

are not available for the roads in the study. 

From a theoretical point of view, a higher gasoline price should be expected to reduce density 

𝑘 due to fewer people heading out to drive. This will lead to either a reduction or an increase 

in flow 𝑞 depending on whether the traffic would otherwise have been in a congested or a 

hypercongested state. If the road would otherwise have been in a congested state, as the density 

decreases the flow will decrease. If the road would otherwise have been in a hypercongested 

state, decreases in density should be expected to lead to an increase in both the average speed 

and the flow of vehicles. 

3. Data and initial testing 

3.1 Data 

Traffic flow data are from the NSW Roads and Maritime Services (2019a), which collects 

traffic information at roadside traffic count stations for both directions of selected roads.2 These 

traffic count stations only count the number of vehicles that pass, and not their type. Another 

type of station is a classifier station, which differentiates between light and heavy vehicles. 

Data are only available for 18 classifier stations, so heterogeneity analysis for light and heavy 

vehicles is not pursued. The data cover all motor vehicles, and do not cover other vehicles such 

as bicycles. Raw traffic flow data for each traffic count station, by traffic flow direction, are 

available on an hourly basis from 2006 onwards. Where possible, the regressions use data for 

each direction of a road (as separate stations). Efforts have been made by NSW Roads and 

Maritime Services to ensure high data quality. 

This study uses a panel of traffic flows at 118 traffic count stations over the period January 

2010–December 2017. The sample starts in 2010 to avoid more frequently missing data in 

earlier years. There are some remaining instances of missing or zero values, for example when 

a monitor’s battery or power source is compromised. This issue is handled as follows. If a day 

includes a missing/zero hour, that day was deleted from the daily dataset, that week from the 

weekly dataset, and that month from the monthly dataset. If data are not available for a station 

for a whole year between 2010 and 2017, that station is excluded from the dataset. 

Figure 2 shows the locations of the 118 traffic count stations. Most are clustered in and around 

Sydney and Newcastle, the two largest cities in NSW. Most of the others are near or on the 

way to a city. For example, station code 94046 is on the Federal Highway between Canberra 

and Sydney. Station 1003 is in the Sydney Harbour Tunnel, one of the busiest roads in NSW 

(used by over 43 million vehicles each year; NSW Roads and Maritime Services (2019a)). The 

sample includes 2 toll roads and 116 toll-free roads. The roads can also be classified into 

highways (29) and non-highways (89). 

  

 
2 NSW Roads and Maritime Services maintains approximately 600 permanent count and classifier 

stations across NSW, collecting data for every hour of the year. It also maintains some temporary 

stations. 
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Figure 2 Traffic count stations in the sample 

 
Source: NSW Roads and Maritime Services (2019a).  

Notes: Some stations overlap on this map. Only stations in the sample are shown. 

The daily fuel price is measured using Sydney’s average terminal gate price (TGP) for gasoline 

(unleaded petrol). A TGP is the price at which an oil terminal sells tankerloads of fuel to 

wholesale customers (Australian Institute of Petroleum 2002). The TGP is inclusive of fuel 

excise and the 10% goods and services tax (GST), but excludes margins for subsequent freight 

costs, branding, service-station wages, and profits (BP Australia 2019).3 Table 1 presents 

summary statistics for the variables used in the main regressions. The raw hourly traffic flow 

dataset consists of about 11.9 million observations. Variable definitions and data sources are 

shown in the Appendix.

 
3 The excise tax on unleaded petrol in Australia was A$0.416 per liter as of February 2019. 
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Table 1 Summary statistics  
Observations Mean Std. dev. Min Max Skewness Kurtosis Coefficient of 

variation 

Flow (hourly) 11,942,105 771 753 0 22,690 1.25 4.52 0.98 

Flow (daily) 490,362 18,486 11,571 1 146,723 0.52 2.94 0.63 

Flow (weekly) 58,692 131,972 78,631 1,827 493,153 0.45 2.83 0.60 

Flow (monthly) 5,922 591,481 344,372 8,627 1,865,407 0.41 2.81 0.58 

Gasoline price (real) 2,922 135.26 17.05 98.54 162.69 –0.43 1.8 0.13 

S&P/ASX 200 price 2,922 5,061 540.55 3,864 6,088 –0.18 1.96 0.11 

Rainfall (mm) 2,892 3.74 11.19 0 135.8 5.53 43.01 2.99 

Maximum temperature (℃) 2,922 23.2 4.49 11.7 45.8 0.47 3.53 0.20 

Unemployment rate (%) 96 0.053 0.004 0.045 0.062 0.002 0.022 0.08 

World crude oil price (real) 2,922 56.37 13.77 23.92 83.70 –0.28 1.81 0.24 

Gasoline pump price (real) 96 146.04 15.75 111.93 169.40 –0.54 2.06 0.11 

Average speed (morning peak; km/h) 1,070 41.03 16.69 132 2 1.37 5.56 0.41 

Average speed (afternoon peak; km/h) 1,070 40.56 17.08 103 11 1.32 4.59 0.42 

Consumer confidence index 90 114.84 4.42 102.40 127.50 0.37 3.78 0.04 

Sales of gasoline (megaliters) 90 433.13 26.48 433.13 578.41 0.56 3.54 0.06 

Opal card utilization (all modes) 30 57,646,968 4,610,456 48,453,400 65,733,832 –0.03 2.10 0.08 

Opal card utilization (train) 30 31,831,688 2,553,120 26,735,422 36,322,564 –0.10 2.01 0.08 

Opal card utilization (bus) 30 23,740,110 2,153,247 19,550,896 27,352,356 0.01 2.08 0.09 

Opal card utilization (light rail) 30 786,722 140,947 193,720 879,306 –3.12 12.70 0.18 

Opal card utilization (ferry) 30 1,288,448 169,666 1,095,055 1,738,083 1.06 3.40 0.13 

Notes: Variable definitions and data sources are in the Appendix. If traffic flow is 0 at a specific hour, that hour is excluded from the analysis when taking the 

log. Gasoline price, S&P/ASX 200 price, rainfall, temperature, and the world crude oil price are measured on a daily basis. Because the gasoline price, world 

crude oil price, and S&P/ASX 200 price data contain missing values on weekends and some specific days, the price on Friday is used for weekends and a 

linear interpolation method is used to fill any other gaps. The unemployment rate, gasoline pump price, average speed, consumer confidence index, sales of 

gasoline, and Opal card utilization are measured monthly. 
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To gain an understanding of the data, Figure 3 plots the average daily vehicle flow for one 

major road, the Sydney Harbour Tunnel, against the real gasoline price for 2010–2017. 

Seasonality can be seen in the vehicle flow data. For example, the number of users tends to be 

lower in January, the time of summer holidays. The traffic flow data appear to be relatively 

inelastic in their response to fuel prices, although this will be more readily discernible using 

econometric estimations. 

Figure 3 Average daily traffic flow for the Sydney Harbour Tunnel versus the real gasoline 

price, 2010–2017 

 
Source: NSW Roads and Maritime Services (2019a) and Australian Institute of Petroleum (2019). 

Notes: Gasoline price data are monthly. Traffic flow is the monthly average of daily flows on the 

northbound lanes of the Sydney Harbour Tunnel. 

3.2 Unit root testing  

Before estimating the model, stationary tests were conducted.4 The key independent variables 

(log real gasoline price, log S&P/ASX 200 price, rainfall, maximum temperature, 

unemployment rate) have a single time series because only state-level data are utilized. 

Augmented Dickey and Fuller (ADF) (1979) unit-root tests were conducted for these variables, 

with lag lengths chosen based on the Bayesian information criterion. Trend terms were 

included for variables that appear to display a trend. The results of unit root tests for 

independent variables are shown in Table 2. 

  

 
4 The software used for all regressions is Stata. 



9 
 

Table 2 Augmented Dickey-Fuller unit root test results for key independent variables 
Variables Observations Lags Trend Test 

statistic 

p - value 

Ln real gasoline price (daily) 2,916 5 Yes –2.86 0.18 

Ln S&P/ASX 200 price 2,920 1 Yes –3.21 0.08 

Rainfall (mm) 2,837 1 No –31.72 0.00 

Maximum temperature (℃) 2,915 6 No –7.28 0.00 

Unemployment rate (Jan 2010–Dec 2017) 93 2 Yes –1.54 0.81 

Unemployment rate (Jan 1998–Dec 2017) 237 2 Yes –3.23 0.08 

Notes: Lag length are chosen by Bayesian information criterion. Whether the test includes a trend 

term depends on visual inspection of each variable. Data for the log S&P/ASX 200 price, rainfall, 

and temperature are daily. Data for the unemployment rate are monthly. 

The null of a unit root can be rejected at the 1% significance level for rainfall and maximum 

temperature and the 8% level for the log S&P/ASX 200 price. For the daily log real gasoline 

price, the null of a unit root cannot be rejected. Although the null of a unit root for the 

unemployment rate cannot be rejected for the sample period, it can be rejected at the 8% level 

when data for a longer time period are tested. Phillips and Perron (1988) tests were also carried 

out, with the results being quite similar.  

The situation for the traffic flow data is more complicated given their panel nature. A Fisher-

type test (Choi 2001) was carried out for log hourly traffic flow. The null that all panels each 

contain a unit root was rejected at the 1% significance level. On the basis of the unit root tests, 

and for parsimony, estimations are carried out in levels rather than first differences. 

3.3 Cross-sectional dependence 

Some stations are on the same road. For example, nine are on the Pacific Highway and nine on 

the Princes Highway. For this and other reasons there are concerns over cross-sectional 

dependence. A Pesaran (2004) test for cross-sectional dependence was conducted for the daily 

estimations. The result suggests that the null of cross-sectional independence can indeed be 

rejected at the 1% significance level. Results using Driscoll and Kraay (1998) standard errors, 

which are heteroscedasticity-consistent and robust to general forms of cross-sectional and 

temporal dependence (Hoechle 2007), are similar. 

4. Model 

The relationship between hourly count station traffic flows and the daily gasoline price is 

investigated using the following model: 

ln𝑇𝐹𝑖,𝑡 = 𝛽0 + 𝛽1ln𝑃𝑖,𝑡 + 𝛽2𝑇𝑡 + 𝛽2𝐻ℎ:𝑑 + 𝛽3𝐷𝑑:𝑤 + 𝛽4𝑀𝑚:𝑦 + 𝑿′
𝑡𝝋 + 𝑆𝑖 + 𝜀𝑖,𝑑               (2) 

where 𝑇𝐹𝑖,𝑡 is the traffic volume for station 𝑖 in hour 𝑡, 𝑃 is the daily real TGP, 𝑇 is a time trend, 

𝐻 is hour-of-day dummy variables, 𝐷 is day-of-week dummy variables, 𝑀 is month-of-year 

dummy variables, 𝑿 is a vector of additional control variables consisting of a public holiday 

binary variable, a school holiday binary variable, a binary variable for double demerit periods 
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(times when penalties for breaking traffic laws are higher)5, a binary variable for new clearways, 

a binary variable for daylight saving doubled-up hours (which occur once per year), the log 

S&P/ASX 200 price, rainfall, and the maximum temperature during the day. 𝑆  represents 

station fixed effects. 𝜀 is an error term. Use the daily rather than the hourly gasoline price 

appears to be reasonable, as drivers do not purchase fuel on a high-frequency basis. 

The reasons for including the above explanatory variables are as follows. The time trend is 

included to account for the effects of gradual changes such as population and income growth, 

vehicle improvements, and the like. The hour-of-day dummies and day-of-week dummies 

control for regular variation in traffic flows throughout the day and the week. Month-of-year 

dummies capture seasonal effects. The public holiday dummy and school holiday dummy are 

included to take the effects of these special events into account. The double demerit period 

dummy is included because drivers might exhibit different behaviour during periods of higher 

infringement penalties. The daylight saving doubled-up hour dummy is included because the 

end of daylight savings has two hours on the same day that both commence at 2am. This inflates 

traffic flows for this “hour”. 

To reduce congestion, in December 2013 the NSW Government (2013) announced a Sydney 

Clearways Strategy that saw the introduction of new or extended clearways on major roads. A 

clearway is a part of road where drivers are not permitted to park or stop during a certain 

period.6 The new clearway dummy is included to reflect possible effects from this change. 

There are five stations in the sample on roads for which a changes to a clearway were 

introduced. Their road names and clearway operation times are shown in Table A1 in the 

Appendix. Changes include extensions to the hours of operation during peaks or the length of 

the clearway. 

The S&P/ASX 200 price is the stock market index of 200 major stocks listed on the Australian 

Securities Exchange. It is included to control for expectations about the economy. An 

advantage of this variable over gross domestic product, for example, is that it is available at 

high frequency. Rainfall is included because people may change their driving behaviour under 

adverse weather conditions due to concerns over issues such as visibility, safety, and travel 

speeds (Billot et al. 2009). Station fixed effects control for characteristics that do not change 

over time, such as road location. 

The data allow for the exploration of potential effect heterogeneity by the hour of day. Daily, 

weekly, and monthly estimations are also presented. The hour-of-day dummies and the daylight 

saving doubled-up hour dummy are only included in the hourly estimations. The day-of-week 

dummies are excluded from the weekly and monthly estimations. The daily-average gasoline 

price, S&P/ASX 200 price, rainfall, and temperature variables are included in all specifications. 

The public holiday dummy, school holiday dummy and double demerit period dummy are 

switched to measures of the number of public holidays (school holidays or double demerit days) 

in each week or month for the weekly/monthly estimations. The daylight saving doubled-up 

 
5 In 1997, a demerit point scheme was introduced in NSW to encourage safer driving. It allocates 
penalty points for a range of driving offences, including speeding, not wearing a seatbelt, riding without 

a motorcycle helmet, and illegal use of mobile phones. 
6 Taxis and buses are allowed to stop to pick up or drop off passengers. 
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hour dummy is switched to an “end of daylight saving” dummy in the daily and weekly 

estimations. The monthly estimations also control for the unemployment rate so as to capture 

the impact of this variable on road transport demand. 

A concern is that third factors such as the underlying demand for transport may affect both 

gasoline prices and traffic flows, thus introducing a potential endogeneity challenge. To 

address this issue, specifications are presented using the log real world crude oil price to 

instrument the log real gasoline price. The cost of imported crude oil is a significant contributor 

to the gasoline price (Australian Competition and Consumer Commission 2016) and is largely 

exogenous to Australian demand. The instrumental variable is assumed to affect the dependent 

variable only via the gasoline price and not other channels. Any effects on economic 

expectations are in part controlled for by the stock market price index variable. The approach 

of instrumenting the local gasoline price with the world crude oil price has been used in 

previous studies (Burke and Nishitateno 2013, 2015; Burke and Teame 2018; Best and Burke 

2019). 

The empirical results are extended along several dimensions. First, whether the gasoline price 

elasticity of vehicle flows depends on the time of day is investigated. Second, heterogeneity 

analysis based on different station groups is conducted. Third, a distributed lag model is 

estimated by including lags of the gasoline price variable of up to 120 days. This complements 

the main results using the static fixed effect estimator, which picks up fairly short-run effects 

(Torres-Reyan 2007). The study also estimates the gasoline price elasticity of average vehicle 

speeds, the gasoline own-price elasticity of demand, and the gasoline price elasticity of public 

transport ridership in NSW. 

5. Results 

5.1 Initial results 

Table 3 presents estimates of Eq (2). All of the coefficients for the log real gasoline price are 

negative and all other than the monthly estimates are significantly different from zero. The 

estimate using the hourly data in column 1 is –0.04, which is significantly different from zero 

at the 1% level. This implies that a 1% increase in gasoline prices on average leads to a 0.04% 

decrease in hourly traffic flows, holding other variables constant. Columns 3, 5, and 7 are the 

single-equation results for the daily, weekly, and monthly estimations. The gasoline price 

elasticity of vehicle flows estimates are –0.03, –0.04, and –0.03, to two decimal places. 

Columns 2, 4, 6, and 8 of Table 3 show the IV results, in which the log real world crude oil 

price is used to instrument the log real gasoline price. The IV elasticities are similar to the OLS 

results. The significant first-stage coefficients suggest that the log world crude oil price is 

positively correlated with the log TGP, as expected. Specifically, a 1% higher world crude oil 

price on average is associated with a 0.5% higher TGP, holding the other variables fixed. Stock 

and Yogo (2005) tests confirm that the log world crude oil price provides strong first-stage 

identification. 
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Table 3 Results and IV estimates using hourly, daily, weekly and monthly data for 2010–2017 
Dependent variable: Ln traffic flow 

Specification Hourly Daily Weekly Monthly 

  OLS IV OLS IV OLS IV OLS IV 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Ln Real gasoline price –0.040*** –0.045*** –0.030*** –0.032*** –0.039*** –0.043*** –0.028** –0.015 

(0.002) (0.002) (0.003) (0.003) (0.005) (0.005) (0.012) (0.013) 

Ln S&P/ASX 200 price 0.010*** 0.011*** 0.012*** 0.012*** 0.038*** 0.038*** 0.000 0.001 

(0.002) (0.002) (0.003) (0.003) (0.007) (0.007) (0.019) (0.019) 

Rainfall (mm) –0.001*** –0.001*** –0.001*** –0.001*** –0.001*** –0.001*** –0.002*** –0.002*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) 

Maximum temperature (℃) 0.002*** 0.002*** 0.001*** 0.001*** 0.001*** 0.001*** –0.003*** –0.003*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) 

Public holiday  –0.182*** –0.181*** –0.182*** –0.182*** –0.007*** –0.007*** –0.001 –0.002 

(0.002) (0.002) (0.004) (0.004) (0.003) (0.003) (0.004) (0.004) 

School holiday –0.018*** –0.018*** –0.023*** –0.023*** 0.004*** 0.004*** –0.001 –0.001 

(0.000) (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Double demerit period –0.018*** –0.018*** –0.018*** –0.018*** 0.048*** 0.048*** - - 

(0.001) (0.001) (0.001) (0.001) (0.004) (0.004) 

Unemployment rate (%) - - - - - - –0.008** –0.009*** 

(0.003) (0.003) 

Hour-of-day dummies Yes Yes No No No No No No 

Day-of-week dummies Yes Yes Yes Yes No No No No 

Within-R2 0.82 0.82 0.31 0.31 0.08 0.08 0.19 0.19 

Observations 11,788,050 11,788,050 485,185 485,185 58,692 58,692 5,922 5,922 

Instrumented variable: Ln real Gasoline price (cents/liter). Instrumental variable: Ln real world crude oil price (cents/liter). 

Coefficient on instruments   0.474***   0.464***   0.467***   0.453*** 

F statistic on instrument   42,000,000   1,700,000   210,000   26,548 

Notes: Coefficients for constants, new clearway dummy, and daylight saving doubled-up hour term are not reported. ***, **, and * indicate statistical 

significance at 1%, 5%, and 10% respectively. Non-clustered but robust standard errors are shown in parentheses for all columns as it is beyond Stata’s 

capacity to compute cluster-robust standard errors in the hourly IV estimations. The null of weak instruments is rejected if the F statistic on the 

instruments exceeds the Stock-Yogo critical value. The Stock-Yogo 5% critical value for 10% maximal IV size is 16.38. Some stations are for either 

direction on the same road. All columns control for month-of year dummies, station fixed effects, and a time trend. In the monthly estimation, the double 

demerit period term is dropped to avoid perfect collinearity with the month-of-year dummies. 
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The positive coefficients for the log S&P/ASX 200 price in Table 3 suggest that traffic flows 

are on average higher when there is confidence in the economy. The coefficients for rainfall 

are negative and significant at the 1% level, likely to be because people reduce driving in wet 

weather. The higher the maximum temperature, the greater the traffic flow (all else equal), 

perhaps because people are more likely to go out when it is warmer. The public holiday dummy 

and school holiday dummy are negative and significant, presumably because fewer people are 

commuting to work and school on these days. A negative coefficient is found for the double 

demerit period variable. There is also a negative coefficient for the unemployment rate in the 

monthly estimation, suggestive of labor market conditions having a material effect on road 

traffic flows. 

Some vehicles run on diesel rather than gasoline. Table A2 in the Appendix presents results 

using the weighted average of the gasoline and diesel prices.7 The coefficients for the log real 

average fuel price remain similar to those using the log real gasoline price. 

Coefficients for the monthly, weekly, and hourly dummies are reported in Table A3 in the 

Appendix. All monthly dummy variables except the May, June, July, and August dummies are 

positive, indicating higher traffic flows than January (the base month). Traffic flows are 

particularly high during December, a 31-day month when there are many events on and the 

weather is favorable. All of the day-of-week dummy variables are statistically significant, 

indicating strong daily variation in the data. The hour-of-day dummy coefficients are higher 

during the day than in the late evening or very early morning hours, as expected. 

Durbin-Wu-Hausman tests (Durbin 1954; Wu 1973; Hausman 1978) were conducted for the 

daily, weekly, and monthly estimations to detect if the gasoline price should be treated as 

endogenous.8 The null hypothesis that the gasoline price is exogenous cannot be rejected at the 

5% level. This reflects the fact that the results are similar with or without the instrument. Given 

the efficiency advantage of OLS, OLS estimations are pursued for most of the forthcoming 

estimates. 

Table 4 presents a robustness check for the monthly estimates. Column 1 includes a lagged 

dependent variable. Column 2 uses the average gasoline unleaded pump price from Fueltrac 

(2018). The elasticities remain quite similar, and are significantly different from zero. The point 

estimate for the log real gasoline price in column 2 is slightly larger than the coefficient in 

column 7 of Table 3. This is expected as the pump price is higher than the TGP given the 

additional margins that are included in final retail prices. 

  

 
7 In 2017, petrol vehicles comprised about 75% of the stock of motor vehicles in Australia, compared 

to 23% for diesel vehicles and 2% for others (Australian Bureau of Statistics 2018). Weights of 0.75 for 

gasoline vehicles and 0.25 for diesel vehicles are applied. Time trends of gasoline and diesel prices are 
similar. 
8 The Durbin-Wu-Hausman test is not conducted for the hourly estimations because the sample size 

exceeds the capacity of Stata to compute the test. 
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Table 4 Monthly results using other specifications 
Dependent variable: Ln traffic flow   

Specification Lagged dependent 

variable  

Gasoline pump price  

 
(1) (2) 

Ln Real gasoline price –0.023* - 

(0.013) 
 

Ln Real gasoline pump price - –0.035* 

 (0.019) 

Ln S&P/ASX 200 price –0.007 –0.002 

(0.014) (0.024) 

Rainfall (mm) –0.003*** –0.002*** 

(0.000) (0.000) 

Maximum temperature (℃) –0.005*** –0.003*** 

(0.001) (0.001) 

Public holiday –0.010*** –0.001 

(0.003) (0.004) 

School holiday 0.002*** –0.001 

(0.001) (0.001) 

Unemployment rate (%) –0.008** –0.008* 

(0.003) (0.005) 

New clearway dummy –0.005 0.015  
(0.004) (0.017) 

Ln Traffic flowt–1 0.920*** - 

(0.019) 

Within-R2 0.85 0.19 

Observations 1,636 5,922 

Notes: Coefficients for constants are not reported. ***, **, and * indicate statistical 

significant at 1%, 5%, and 10% respectively. The within-R2 measures the power of the 

time-varying explanatory variables. Cluster-robust standard errors are shown in 

parentheses. Both regressions use OLS estimation, monthly data, and control for 

month-of year dummies, station fixed effects, and a monthly time trend. Hour-of-day 

dummies and day-of-week dummies are not included. The double demerit period 

dummy is dropped to avoid perfect collinearity with the month-of-year dummies. The 

sample size reduces when lagged traffic flow is included as a result of missing values. 

5.2 Peak versus off-peak periods 

NSW Roads and Maritime Services (2019a) defines peak periods as 6–10am and 3–7pm of 

every day of the week. Figure 4 shows the distributions of average daily traffic flows on 

weekdays and weekends. On weekdays, traffic flows indeed rise to a peak during 6–10am and 

3–7pm, and a lower level in the middle of the day and at night. On weekends, however, traffic 

is quite consistent throughout the day. The weekend peak period is thus defined as 9am–6pm 

in the analysis in this sub-section. 

Table 5 reports the elasticities for different times of the week. Weekdays and weekends are 

compared first, using an interaction between the log real gasoline price and a weekday dummy 

and a second interaction (in the same regression) between the log real gasoline price and a 

weekend dummy. The coefficient for the log real gasoline price is –0.040 for weekdays and –

0.038 for weekends, with both significantly different from zero at the 5% level. The null 

hypothesis that the elasticity for weekends equals the elasticity for weekdays cannot be rejected. 
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This suggests that the average influence of gasoline prices on hourly traffic flows does not vary 

much by weekday or weekend. 

Figure 4 Distribution of average hourly traffic flow 

 
Source: NSW Roads and Maritime Services (2019a). Notes: The traffic flow within each hour is the 

average of all stations’ hourly data. The graph uses a balanced sample of stations. 

Next, peak-period elasticities are compared with off-peak elasticities for both weekdays and 

weekends. The estimates were obtained by including four interacted terms in a single 

regression – interactions between the log real gasoline price and: the weekday peak dummy, 

weekday off-peak dummy, weekend peak dummy, and weekend off-peak dummy. 

Interestingly, the estimated elasticity for weekday peak periods is 0.064, significantly different 

from zero at the 1% level. This positive coefficient is consistent with an increase in traffic flows 

when the fuel price increases, likely due to the easing of hypercongested conditions. Estimates 

for off-peak periods are negative and statistically significant. 

Figure 5 graphs the gasoline price elasticities by time of day on both weekdays and weekends. 

These elasticities are obtained by interacting the log real gasoline price term with 

weekday/weekend dummies and hour-of-day dummies. The largest negative estimated 

elasticities occur during the early morning. The overall patterns are quite similar for weekdays 

and weekends. It can be seen that the positive and significant weekday effects hold for both 

morning peak and especially afternoon peak hours. 
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Table 5 Results for peak and off-peak periods 
Dependent variable: Ln traffic flow           

  Weekday Weekend 

Period All day Peak Off-peak All day Peak Off-peak 

(1) (2) (3) (4) (5) (6) 

Ln real gasoline price –0.040** 0.064*** –0.103*** –0.038** 0.022 –0.074*** 

(0.017) (0.023) (0.018) (0.017) (0.026) (0.020) 

    [0.000] [0.796]   [0.002] 

Notes: Coefficients for controls and constants are not reported. ***, **, and * indicate statistical 

significant at 1%, 5%, and 10% respectively. Cluster-robust standard errors are shown in 

parentheses. There are two regressions in this table: the results in columns 1 and 4 are from a single 

regression, and the other results are from a separate regression. All regressions use OLS estimation 

and hourly data. The figure in square brackets in column 3 is the p-value for a test of equality to the 

coefficient in column 2. That in column 4 is the p-value for a test of equality to the coefficient in 

column 1. That in column 6 is the p-value for a test of equality to the coefficient in column 5. 

Taken together, the results indicate that higher gasoline prices on average lead to a reduction 

in traffic flows and that they lead to an increase in traffic flow in some peak periods. The latter 

finding is consistent with an alleviation of peak-period hypercongestion, which allows more 

vehicles to flow past a given point during an hour. As mentioned, data on density are 

unfortunately not available to directly test the effect of gasoline prices on congestion levels. 

Burger and Kaffine (2009) found that peak-hour speeds increase when gasoline prices rise in 

Los Angeles, presumably because roads become less congested so the traffic can flow more 

smoothly. To test if the same is true for NSW, average space-mean peak-hour vehicle speed 

data were obtained for NSW roads from the NSW Roads and Maritime Services (2019b). The 

dataset covers 119 major roads. The data are only available on a monthly basis for October 

2018–June 2019 and average speeds are only available for the morning and afternoon peak 

periods (separately) according to the definition of the NSW Roads and Maritime Services 

(2019a). The following equation is estimated for both morning and afternoon peak periods: 

lnS𝑐,𝑡 = 𝛽0 + 𝛽1ln𝑃𝑡 + 𝛽2𝑈𝑡 + 𝛽3𝐷𝑡 + 𝑅𝑖 + 𝛽4𝐽1 + 𝛽5𝐽2 + 𝛽6𝐽3 + 𝜀𝑐,𝑡                          (3) 

where S is the average space-mean speed for road 𝑖 in month 𝑡; 𝑃 is the real gasoline price; 𝑈 

is the unemployment rate; 𝐶 is the consumer confidence index (CCI);9 𝑅 represents road fixed 

effects; and 𝜀 is an error term. Given that data are available for less than one year, a full set of 

month-of-year dummies cannot be controlled for as otherwise there would be an issue of 

perfect collinearity. According to Table A3 in the Appendix, traffic flows tend to be lower in 

January, May, and June than in other months, which may affect speeds. Separate dummy 

variables (𝐽1, 𝐽2, 𝐽3) are included for these three months. A time trend is not included given the 

short time-span. 

The results are shown in Table 6. The gasoline price elasticity of average vehicle travel speed 

is found to be 0.25 for the afternoon peak period, an effect that is significantly different from 

zero. This is consistent with a conclusion that a higher gasoline price leads to a lowering of 

traffic density at hypercongested times, which permits higher vehicle flow numbers. No 

 
9 Because monthly CCI data for NSW are unavailable, the Australian CCI is used instead. 
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significant effect is found for the morning peak period. As additional data become available it 

would be interesting to confirm the findings for this speed analysis. 

 Figure 5 Effect of gasoline prices changes on traffic flow, by time of day 

 

 

Source: NSW Roads and Maritime Services (2019a). Notes: The regression uses hourly data. 
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Table 6 Elasticities for peak-period average speed with respect to the gasoline price 
Dependent variable: Ln average speed   

Morning peak period Afternoon peak period 

  (1) (2) 

Ln gasoline price (real) –0.066 0.250***  
(0.104) (0.035) 

Unemployment rate (%) 0.036 –0.014 

 (0.062) (0.035) 

Consumer confidence index 0.003 –0.001 

 (0.002) (0.001) 

January dummy Yes Yes 

May dummy Yes Yes 

June dummy Yes Yes 

Within-R2 0.19 0.28 

Observations 1,071 1,071 

Notes: Coefficients for constants are not reported. ***, **, and * indicate 

statistical significant at 1%, 5%, and 10% respectively. The within-R2 measures 

the power of the time-varying explanatory variables. Cluster-robust standard 

errors are shown in parentheses. All regressions use OLS estimation and monthly 

data. 

5.3 Station-level heterogeneity 

Potential station-level heterogeneity in the gasoline price elasticity of traffic flow is now 

investigated, using a similar interaction approach to that used in Table 5. All interaction 

component terms are controlled for separately in each regression.10 The results are presented 

in Table 7. Results of statistical tests of parameters equality are also shown. 

Whether geography is a factor is investigated by comparing elasticities in Greater Sydney 

versus outside Greater Sydney. The results in panel A of Table 7 indicate that the elasticities 

for these two areas are similar, and the p-value for a test of equality of coefficients for these 

two groups equals 0.96. Panel B shows elasticity estimates for roads in and outside the Sydney 

CBD. A negative and statistically significant coefficient is obtained for outside the Sydney 

CBD, while an insignificant estimate is obtained for the CBD. The null hypothesis that the two 

parameters are equal cannot be rejected. The finding contrasts to that of Bento et al. (2013), 

who found that drivers’ responsiveness to gasoline prices in Los Angeles is more elastic at 

locations further from the downtown area. Note however that the sample of count stations in 

the Sydney CBD is small. There are two count stations in the CBD: the Sydney Harbour Tunnel 

and the Cahill Expressway. 

  

 
10 In panel A of Table 6, an interaction between the log real gasoline price and the Greater Sydney 

dummy and an interaction between the log real gasoline price and outside greater Sydney dummy are 

included in the same regression. Panels B, C, and D follow the same type of approach. 
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Table 7 Heterogeneity analysis by station group 

Dependent variable: Ln traffic flow 

  Number of stations Gasoline price elasticity 

A. Greater Sydney vs others  

Greater Sydney 81 –0.040** 

Outside Greater Sydney 37 –0.038 

[0.959] 

B. Sydney CBD vs others  

Sydney CBD 2 0.033 

Outside Sydney CBD  116 –0.041 

[0.462] 

C. Toll roads vs others  

Toll roads 2 –0.260* 
Toll-free roads 116 –0.036** 

[0.155] 

D. Highway vs others 

Highway 29 –0.082*** 

Non-highway 89 –0.026 

[0.111] 

Notes: Coefficients on controls are not reported. ***, **, and * indicate 

statistical significance at 1%, 5%, and 10% respectively. All regressions use 

OLS estimation and hourly data. Greater Sydney, Sydney CBD, toll roads, and 

highways are defined by the NSW Roads and Maritime Service. Group is 

controlled for separately. Each cell shows the implied elasticity for that 

category. Figures in square brackets are p-values for tests of equality to the 

coefficient for the other group in the same panel. 

Two of the stations are located on toll roads, namely the Hills M2 Motorway and the Sydney 

Harbour Tunnel. The former has a fixed toll, while time-of-day tolling is used in the Sydney 

Harbour Tunnel to encourage drivers to travel outside peak hours.11 Whether the gasoline price 

elasticity of vehicle flow varies for toll and non-toll roads is tested in panel C of Table 7. The 

p-value for a test of equality of the two coefficients is 0.155, which does not provide evidence 

of a difference. 

Panel D of Table 7 presents separate effects for highways and non-highways. In absolute value, 

a larger point estimate is obtained for highways (–0.082) than non-highways (–0.026), with a 

p-value for a test of equality of 0.111. Drivers on highways are generally travelling longer 

distances, and so might be more fuel-price sensitive. It may also be the case that heavy-vehicle 

travel is particularly sensitive to the gasoline price. 

The elasticities for each station group and their 95% confidence intervals are illustrated in 

Figure 6. The confidence intervals for the Sydney CBD and for toll roads are wider than other 

groups. This is likely to be because their samples are relatively small. 

  

 
11 The weekday toll is A$4 for 6:30–9:30am and 4:00–7:00pm, A$3 for 9:30am–4:00pm, and A$2.50 

at other times. On weekends, A$3 is charged from 8am–8pm, and A$2.50 at other times. The toll is 

only charged for the southbound direction. All vehicles pay the same toll. 
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Figure 6 Gasoline price elasticity of traffic flow and 95% confidence intervals 

 
Notes: These are the estimates from Table 7. GA = Great Sydney area. OGA = Outside greater Sydney. CBD = 

Sydney CBD. OCBD = Outside Sydney CBD. Toll = Toll roads. Ntoll = Non-toll roads. High = Highways. 

Nhigh = Non-highways. 

5.4 Medium-run elasticities 

To explore the medium-run responses of traffic flows to gasoline price changes, a distributed 

lag model is used, with lags back to day t–120 (Table 8). The medium-run elasticity is the sum 

of the coefficients for each gasoline price term. The sample size reduces when adding lagged 

terms. Column 5 provides an estimate of the medium-run elasticity of –0.034. This is similar 

to the short-run effect obtained in column 1 (–0.030). Hence there is not much evidence of a 

lagged effect. While the long-run effect is likely to be larger than the immediate effect because 

it takes time to know that prices have changed and to fully respond (Musso et al. 2013), 120 

days of lag may not be sufficient to allow this process to fully play out. 
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Table 8 Medium-run elasticities 
Dependent variable: Ln traffic flowt 

  (1) (2) (3) (4) (5) 

Ln Real gasoline pricet –0.030** 0.009 0.006 0.018 0.017 

  (0.015) (0.016) (0.014) (0.016) (0.016) 

Ln Real gasoline pricet–30   –0.044*** –0.026*** –0.053*** –0.068*** 

    (0.014) (0.010) (0.010) (0.010) 

Ln Real gasoline pricet–60     –0.014 0.038*** 0.054*** 

      (0.016) (0.011) (0.012) 

Ln Real gasoline pricet–90       –0.043*** –0.040*** 

        (0.015) (0.011) 

Ln Real gasoline pricet–120         0.003 

          (0.014) 

Within-R2 0.31 0.36 0.36 0.37 0.37 

Observations 485,185 422,032 367,670 322,394 283,842 

Medium-run elasticity –0.030*** –0.034** –0.034* –0.040** –0.034*** 

Notes: Coefficients for controls are not reported. ***, **, and * indicate statistical significance at 

1%, 5%, and 10% respectively. Cluster-robust standard errors are shown in parentheses. The 

within-R2 measures the power of the time-varying explanatory variables. All regressions use OLS 

estimation, daily data, and control for day-of-week dummies, month-of year dummies, station 

fixed effects, and a daily time trend. Hour-of-day dummies are not included. The medium-run 

elasticity is the sum of the coefficients for each price term. 

6. Effects of gasoline prices on gasoline use and public transport ridership 

6.1 Price elasticity of gasoline demand 

It is expected that the gasoline own-price elasticity of demand is larger than the gasoline price 

elasticity of vehicle traffic flow, as there are additional responses to higher gasoline prices than 

only reducing driving. These include changing driving speed or styles and shifting to more 

fuel-efficient vehicles (Kennedy and Wallis 2007). The gasoline price elasticity of vehicle 

flows is also pushed towards being highly inelastic because a higher gasoline price increases 

vehicle flows when road conditions would otherwise have been hypercongested. In order to 

investigate the effect of gasoline price increases on total gasoline use by the road sector, Eq (4) 

is estimated using monthly data for July 2010–December 2017: 

ln𝑆𝑡 = 𝛼0 + 𝛼1ln𝑃𝑡 + 𝛼2𝑈𝑡 + 𝛼3𝐶𝑡 + 𝛼4𝑇𝑡 + 𝐷𝑚:𝑦 + 𝜀𝑡                                                           (4) 

𝑆  is sales of automotive gasoline in month 𝑡 ; 𝑃  is the monthly real TGP; 𝑈  is the 

unemployment rate; 𝐶 is the Australian CCI; 𝑇 is a linear time trend; 𝐷 is a set of month-of-

year effects; and 𝜀 is an error term. 

An Augmented Dickey-Fuller test was first carried out. The results suggest that the log gasoline 

sales and CCI data are stationary. Estimations are thus again carried out in levels rather than 

first differences. 

Column 1 of Table 9 finds an estimate of the gasoline own-price elasticity of demand of around 

–0.11, indeed larger than the estimates of the gasoline price elasticity of traffic flow. Column 

2 shows the IV result using the log real world crude oil price to instrument the log real gasoline 

price. The point estimate is slightly larger than the OLS result. A Stock and Yogo (2005) test 

confirms that the log world crude oil price provides strong first-stage identification. A Durbin-

Wu-Hausman test cannot reject the null hypothesis that the gasoline price is exogenous. 
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Table 9 Elasticities for gasoline sales for July 2010–December 2017 
Dependent variable: Ln gasoline sales (megaliters)   

  OLS IV 

  (1) (2) 

Ln real gasoline price –0.109*** –0.124*** 

(0.033) (0.035) 

Unemployment rate (%) –0.035*** –0.034*** 

(0.006) (0.006) 

Consumer confidence index –0.001 –0.001 

(0.001) (0.001) 

Month-of-year dummies Yes Yes 

Time trend Yes Yes 

Adjusted R2 0.75 0.75 

Observations 90 90 

Instrumented variable: Ln real Gasoline price. Instrumental variable: Ln real world crude oil price. 

Coefficient on instruments   0.412*** 

F statistic on instrument   307.88 

Notes: Coefficient for constant is not reported. ***, **, and * indicate statistical significant at 1%, 

5%, and 10% respectively. Robust standard errors are shown in parentheses.The null of weak 

instruments is rejected if the F statistic on the instruments exceeds the Stock-Yogo critical value. 

The Stock-Yogo 5% critical value for 10% maximal IV size is 16.38. 

6.2 Gasoline price-public transport ridership elasticity 

A higher gasoline price may induce substitution to public transport. Austin (2008) found that 

higher gasoline prices are indeed associated with greater ridership on transit rail systems in 

California. Rohani and Pahazri (2018) conducted a survey in Malaysia by distributing 

questionnaires to private vehicle users, finding that many respondents stated that they reduce 

the frequency of vehicle use or shift to public transport after increases in fuel prices.  

To investigate if higher gasoline prices motivate people to switch to public transport, the 

following model is estimated using available monthly data for July 2016–December 2018: 

ln𝐵𝑡 = 𝛽0  + 𝛽1ln𝑃𝑡 + 𝛽2𝑈𝑡 + 𝛽3𝐶𝑡 + 𝐷𝑚:𝑦 + 𝜀𝑡                                                                     (5) 

B is the official utilization figure across all public transport modes (train, bus, ferry, and light 

rail) based on people using an Opal tap card in NSW in month 𝑡; 𝑃 is the monthly real TGP; 𝑈 

is the unemployment rate; 𝐶 is the Australian CCI; 𝐷 is a set of month-of-year effects; and 𝜀 is 

an error term. A time trend is not included given the short time-span of data. 

The Opal card is the smart tap-on and tap-off card that is used for public transport in NSW. 

Since 1 August 2016, paper tickets have no longer been accepted, with the Opal card being the 

only ticketing option available (Raper 2016). The Opal card tap-on figures quite accurately 

represent public transport ridership. 12  The model does not control for Opal fares, which 

remained constant over the period. 

 
12 Non-Opal travel includes integrated ticketing for major events, transport concession entitlement cards, 

and fare non-compliance. This is a small proportion of total public transport usage. 
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Table 10 reports the gasoline price-public transport ridership elasticity for different modes. 

Because the results of unit root tests are similar to those for Eq (2), level variables are again 

used. The elasticity for total public transport utilization in column 1 is 0.28, significant at the 

1% level. This suggests that an increase in gasoline price indeed tends to encourage people to 

use public transport. The elasticity for train utilization is 0.35 (column 3). This relatively high 

elasticity might be explained by the fact that trains have a higher proportion of longer distance 

trips, whereas buses and light rail are generally used for shorter trips for which the fuel costs 

of driving are a smaller consideration. It should be noted that the sample sizes are quite small 

for these public transport regressions. 

IV results using the log real world crude oil price to instrument the log real gasoline price in 

Table 10 are again similar to the OLS results. The Stock and Yogo (2005) test confirms that 

the log world crude oil price provides strong first-stage identification. Durbin-Wu-Hausman 

tests cannot reject the null hypotheses that the gasoline price is exogenous for all 5 dependent 

variables.
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Table 10 Elasticities for public transport utilization for July 2016–December 2018 
Dependent variable: Ln Opal card utilization 

        

 
Total 

 
Train 

 
Bus 

 
Light rail 

 
Ferry 

 

 
OLS IV OLS IV OLS IV OLS IV OLS IV  
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Ln real gasoline price 0.277*** 0.275*** 0.348*** 0.343*** 0.207*** 0.211*** 0.216 0.137 –0.112 –0.129 

(0.059) (0.061) (0.069) (0.072) (0.057) (0.058) (0.197) (0.175) (0.146) (0.146) 

Unemployment rate (%) –0.066*** –0.066*** –0.068*** –0.068*** –0.063** –0.063** –0.184*** –0.195** 0.003 0.001 

 (0.021) (0.021) (0.023) (0.023) (0.022) (0.022) (0.059) (0.067) (0.025) (0.026) 

Consumer confidence index 0.001 0.001 –0.001 –0.001 0.004** 0.004** –0.008 –0.007 0.004 0.004 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.009) (0.008) (0.003) (0.003) 

Month-of-year dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.91 0.91 0.88 0.88 0.93 0.93 0.74 0.74 0.87 0.87 

Observations 30 30 30 30 30 30 30 30 30 30 

Instrumented variable: Ln real Gasoline price (cents/liter). Instrumental variable: Ln real world crude oil price (cents/liter). 

Coefficient on instruments 
 

0.542*** 
 

0.542*** 
 

0.542*** 
 

0.542*** 
 

0.549*** 

F statistic on instrument 
 

661.01 
 

661.01 
 

661.01 
 

661.01 
 

661.01 

Notes: Coefficients for constants are not reported. ***, **, and * indicate statistical significant at 1%, 5%, and 10% respectively. Robust standard errors are 

shown in parentheses.The null of weak instruments is rejected if the F statistic on the instruments exceeds the Stock-Yogo critical value. The Stock-Yogo 5% 

critical value for 10% maximal IV size is 16.38. 
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7. Relating the results to prior studies 

Among prior studies on the effect of fuel prices on traffic flows, Bento et al. (2013) found fuel 

price elasticities of traffic flows of –0.083 and –0.050 for highways with and without a carpool 

lane using traffic data for 1,700 locations in Los Angeles. Burke et al. (2017) found that the 

monthly fuel price elasticity of traffic flows is –0.1 on Indonesian toll roads. Siddique (2008) 

estimated that the fuel price elasticity of traffic flows in Perth ranges from –0.09 to zero. Mrkaic 

and Pezdir (2008) found no significant response of drivers’ responses to fuel price changes on 

Slovenian highways. They explained that this could be because Slovenia has a small 

geographic size and because a significant share of highway travel is by foreign tourists who 

are less responsive to changes in the Slovenian gasoline price. The larger dataset here was able 

to be used to detect significant but small effects in NSW. 

Like our study, prior studies thus suggest that drivers are not very sensitive to changes in fuel 

prices. One possible reason for the very inelastic fuel price elasticity of traffic flows is the 

ability to switch to greater use of fuel-efficient vehicles such as motorcycles and electric 

vehicles (EVs) when fuel prices rise. New motorcycle sales have been found to be positively 

related to gasoline prices (Zhu et al. 2015). Another key reason is that driving is a necessary 

activity for many people, so it is natural to expect an inelastic response. As discussed, the effect 

of a higher gasoline price at some times on some roads would also be expected to be an increase 

in traffic flows due to the alleviation of hypercongested conditions. 

The finding of a positive gasoline price elasticity of traffic flows during weekday peak periods 

is new to the empirical literature, yet in line with what one would expect under hypercongested 

conditions according to the fundamental diagram of traffic flow. Bento et al. (2013) estimated 

fuel price elasticities of traffic flow that are negative and larger in magnitude during weekday 

off-peak periods (–0.09) than weekday peak periods (–0.05) for mainline lanes in Los Angeles. 

Martin and Thornton (2017) observed a negative effect of road charges on the daily distance 

travelled during peak periods. 

Most international evidence suggests that the fuel-price elasticity of public transport ridership 

is between 0.05 and 0.40 (Mattson 2008), with elasticities for Australia generally ranging from 

zero to 0.2 (Kennedy and Wallis 2007). Fullerton and Walke (2013) found that the gasoline 

price elasticity of public transit ridership is around 0.12 in the US. Currie and Phung (2008) 

obtained a higher elasticity in Australian cities (0.22 for both Melbourne and Adelaide), 

explaining the finding by pointing to the fact that gasoline prices are substantially higher in 

Australia than in the US (by 20–30% as of 2007) due to reasons including Australia’s higher 

fuel excise. The gasoline price elasticity of public transport ridership in this study (0.28) is 

larger still. This may in part be because residents of Sydney are more likely to substitute to 

public transport. According to the 2016 Census, the public transport share of work commutes 

was 20.9% in Sydney, compared to 13.4% in Melbourne and 8.3% in Adelaide (Australian 

Bureau of Statistics 2017). 

8. Conclusion 

This study has estimated the gasoline price elasticity of traffic flows in NSW, Australia for the 

period 2010–2017. Using hourly data, the average elasticity was estimated at around –0.04. 

Negative and very inelastic estimates were also obtained using daily, weekly, and monthly 



26 
 

observations. Evidence was found that the effect of gasoline prices on vehicle flows depends 

on the time of day, with the fuel price elasticity of traffic flows being positive during peak 

periods on weekdays. This is likely to be because reduced road-use demand ameliorates traffic 

jams and so means that more vehicles can pass individual count stations per hour at these times. 

Evidence was also found that average speeds are faster during afternoon peak periods. 

This study does not find much in the way of heterogeneity for different types of roads. It was 

found that higher gasoline prices are associated with a reduction in the quantity of gasoline 

demanded, with a larger proportional effect size than for vehicle flows. It was also found that 

higher gasoline prices encourage people to use public transport. 

The results of the research hold relevance for predicting vehicle flows and for considering the 

future calibration of electronic road pricing systems. Even with estimated effect sizes that are 

quite small in proportional terms, fuel price swings can still lead to quite large changes in 

vehicle flow numbers. Of most interest is the finding that higher fuel prices can help to increase 

the flow of vehicles on key roads during key peak hours, consistent with expected density-flow 

relationships under hypercongested conditions. This suggests that fuel excise can play a role in 

both reducing overall road dependence and reducing the severity of peak-hour traffic jams. 

Another interesting implication of the results is that, by reducing the marginal cost of driving, 

the rise of electric and autonomous vehicles should be expected to exacerbate traffic jams. This 

will increase the case for the adoption of a system of electronic road pricing in order to manage 

valuable road space. 

An interesting extension of this work would be to analyze the effect of gasoline prices on traffic 

densities (cf. traffic flows) if data are available. The expectation would be that higher gasoline 

prices would reduce congestion levels. Estimates for traffic density could be used to explore if 

the positive effect of gasoline prices on traffic flows in some peak-hour periods in NSW is 

indeed due to a reduction in hypercongestion at those times. Further analysis of the effect of 

gasoline prices on vehicle speeds would also be of interest.  
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Appendix 

Table A1 New or extended clearway projects 
Station code Road name Project name Start date Old clearway 

hours 

New clearway hours 

28008 Centenary 

Drive 

New clearways on Concord Road, Homebush Bay Drive 

and Centenary Drive, Rhodes to Strathfield. 

11 April 2016 6am–10am and 

3pm–7pm on 

weekdays 

6am–7pm on weekdays; 

9am–6pm on weekends 

43236 & 

43237 

Fairford 

Road 

New and extended clearways on Stacey Street, Fairford 

Road, Davies Road and Alfords Point Road between 

Hume Highway, Bankstown and Alfords Point Bridge, 

Padstow Heights. 

24 July 2017 Not a clearway 6am–7pm on weekdays; 

9am–6pm on weekends 

and public holidays 
43246 Davies 

Road 

52040 Epping 

Road 

New and extended clearways on Epping Road between 

Epping and Lane Cove North. 

18 September 

2017 

Notes: Clearway hours are operated in both directions on a specific road. 
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Table A2 OLS results using the weighted average of gasoline and diesel prices 
Dependent variable: Ln traffic flow 

Specification Hourly Daily Weekly Monthly 

(1) (2) (3) (4) 

Ln average gasoline and diesel price (real) –0.038** –0.029* –0.039** –0.029 

(0.016) (0.015) (0.016) (0.018) 

Ln S&P/ASX 200 price 0.010 0.012 0.038** –0.000 

(0.019) (0.017) (0.018) (0.024) 

Rainfall (mm) –0.001*** –0.001*** –0.001*** –0.002*** 

(0.000) (0.000) (0.000) (0.000) 

Maximum temperature (℃) 0.002*** 0.001*** 0.001 –0.003*** 

(0.000) (0.000) (0.000) (0.001) 

Public holiday –0.182*** –0.182*** –0.007* –0.001 

(0.014) (0.015) (0.004) (0.004) 

School holiday –0.018*** –0.023*** 0.004*** –0.001 

(0.002) (0.003) (0.001) (0.001) 

Double demerit period –0.018*** –0.018*** 0.048*** - 

(0.002) (0.002) (0.004) 

Unemployment rate (%) - - - –0.008* 

(0.005) 

Hour of day dummies Yes No No No 

Day of week dummies Yes Yes No No 

Within-R2 0.82 0.31 0.08 0.19 

Observations 11,788,050 485,185 58,692 5,922 

Notes: Coefficients for constants, new clearway dummy, and daylight saving doubled-up hour 

term are not reported. ***, **, and * indicate statistical significant at 1%, 5%, and 10% 

respectively. The within-R2 measures the power of the time-varying explanatory variables. The 

cluster-robust standard errors are shown in parentheses. All columns control for month-of year 

dummies, station fixed effects, and a time trend.  
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Table A3 Coefficients for hour-of-day dummies, day-of-week dummies and month-of-year 

dummies in column 1, Table 3 
Dependent variable: Ln traffic flow 

Ln Real gasoline price –0.040*** 

(0.016) 

Hour 1:00 –0.496*** 

(0.010) 

Hour 2:00 –0.690*** 

(0.018) 

Hour 3:00 –0.562*** 

(0.029) 

Hour 4:00 0.030 

(0.040) 

Hour 5:00 0.984*** 

(0.045) 

Hour 6:00 1.713*** 

(0.044) 

Hour 7:00 2.056*** 

(0.042) 

Hour 8:00 2.247*** 

(0.043) 

Hour 9:00 2.248*** 

(0.042) 

Hour 10:00 2.247*** 

(0.041) 

Hour 11:00 2.278*** 

(0.040) 

Hour 12:00 2.288*** 

(0.039) 

Hour 13:00 2.287*** 

(0.037) 

Hour 14:00 2.349*** 

(0.037) 

Hour 15:00 2.430*** 

(0.037) 

Hour 16:00 2.452*** 

(0.037) 

Hour 17:00 2.430*** 

(0.035) 

Hour 18:00 2.178*** 

(0.029) 

Hour 19:00 1.788*** 

(0.024) 

Hour 20:00 1.491*** 

(0.021) 

Hour 21:00 1.328*** 
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(0.018) 

Hour 22:00 1.036*** 

(0.014) 

Hour 23:00 0.541*** 

(0.009) 

Monday 0.118*** 

(0.008) 

Tuesday 0.148*** 

(0.009) 

Wednesday 0.184*** 

(0.009) 

Thursday 0.229*** 

(0.009) 

Friday 0.286*** 

(0.008) 

Saturday 0.175*** 

(0.005) 

February 0.032*** 

(0.004) 

March 0.032*** 

(0.004) 

April 0.021*** 

(0.005) 

May 0.000 

(0.005) 

June –0.009 

(0.006) 

July –0.002 

(0.007) 

August 0.001 

(0.006) 

September 0.013** 

(0.005) 

October 0.024*** 

(0.004) 

November 0.051*** 

(0.004) 

December 0.068*** 

(0.004) 

Notes: Hour 0:00 is taken as the base hour. Sunday is taken as the 

base day. January is taken as the base month. ***, **, and * 

indicate statistical significant at 1%, 5%, and 10% respectively. 

Cluster-robust standard errors are shown in parentheses. 
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Variable definitions and data sources 

Traffic flow: Number of vehicles passing each traffic count station in the hour. All types of 

motor vehicle are counted. Also measurable at lower levels of frequency (e.g. daily). Source: 

NSW Roads and Maritime Services (2019a). 

Gasoline price (real): Terminal gate price in Australian cents per liter, inclusive of excise and 

GST. Nominal TGP is taken from the Australian Institute of Petroleum (2019). Measured daily 

or as a daily average. The consumer price index (CPI) for Sydney was used to adjust the price 

to a 2017 base. Source of CPI: Australian Bureau of Statistics (2019). 

S&P/ASX 200 price (AXJO): Stock market index of 200 large stocks listed on the Australian 

Securities Exchange. Measured daily or as a daily average. Source: Investing (2019).  

Rainfall: Rainfall in millimeters (mm) in Sydney (Station: Observatory Hill). Measured daily 

or as a daily average. There are some missing values due to a damaged measuring instrument. 

Source: Australian Bureau of Meteorology (2019). 

Maximum temperature: Daily maximum temperature in Sydney (Station: Observatory Hill). 

Measured daily or as a daily average. Unit: degrees C. Source: Australian Bureau of 

Meteorology (2019). 

Public holiday dummy: Equals 1 if the day is a public holiday; 0 otherwise. 

School holiday dummy: Equals 1 if the day is a public school holiday; 0 otherwise. 

New clearway dummy: In hourly estimations, equals 1 if the hour is within new clearway 

operation time; 0 otherwise. In weekly and monthly estimations, equals 1 if there is a new 

clearway operated in the week (month); 0 otherwise. 

Double demerit period dummy: Equals 1 if the day is within the double demerit period; 0 

otherwise. 

Daylight saving doubled-up hour: Equals 1 if the hour is repeated due to the end of daylight 

savings; 0 otherwise. The daylight saving doubled-up hour dummy is switched to an “end of 

daylight saving” dummy in daily and weekly estimates. It equals 1 if the end of daylight savings 

fell in that day or week.  

Unemployment rate (%): NSW unemployment rate. Measured monthly. Source: Australian 

Government Department of Jobs and Small Business (2019). 

Time trend: In the hourly and daily traffic flow estimates, a daily time trend is used, which is 

equal to 1 on 1 January 2010 and increases by 1 in each subsequent day. In the weekly estimates, 

the time trend is equal to 1 in the first week of 2010 and increases by 1 in each subsequent 

week. In the monthly estimates, this is equal to 1 in January 2010 and increases by 1 in each 

subsequent month. 

World crude oil price (real): Cushing, OK WTI Spot price FOB (US$ per barrel). Measured 

daily or as a daily average. Source: U.S. Energy Information Administration (2019). The unit 
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was converted from US$ per barrel to Australian cents per liter based on the daily AUD/USD 

exchange rate and a barrel-to-liter conversion. Gaps in the world crude oil price were filled 

using the same rule as for the gasoline price. Exchange rate source: Reserve Bank of Australia 

(2019). Then the consumer price index (CPI) for Sydney was used to adjust the price to a 2017 

base. Source for CPI: Australian Bureau of Statistics (2019). 

Gasoline pump price (real): Pump price for gasoline (unleaded petrol) in Australian cents per 

liter. Measured monthly. Source: Fueltrac (2018). The consumer price index (CPI) for Sydney 

is used to adjust the price to a 2017 base. Source for CPI: Australian Bureau of Statistics (2019). 

Average speed: Average speed for both morning peak period and afternoon peak period in 

kilometers per hour. Peak periods are defined by NSW Roads and Maritime Services as being 

6–10am and 3–7pm on both weekdays and weekends. Measured monthly. Source: NSW Roads 

and Maritime Services (2019b).  

Consumer confidence index: Australian consumer confidence index. Measured monthly. 

Source: ANZ-Roy Morgan (2019). 

Sales of automotive gasoline: Total automotive gasoline sales in NSW. Unit: megaliters. 

Measured monthly. Gasoline sales source: Australian Government Department of the 

Environment and Energy (2019).  

Opal card utilization: Opal card utilization figures for all public transport modes (train, bus, 

light rail, and ferry) in NSW. Measured monthly. Source: Australian Bureau of Transport 

Statistics (2019). 
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