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Abstract

This paper investigates the direct behavioral impact of information-based regula-

tions by examining the effect of ozone alerts on cycling trips in Sydney. Moreover,

the dynamics of individuals’ response is studied by examining the behavioral im-

pact of two successive day ozone alerts on cycling demand. A common problem in

estimating direct avoidance behavior is that an increase in the pollution level could

be an endogenous response to alerts. While controlling for the endogenous effect

of alerts and air quality, results show that cycling trips decrease by 25 percent in

response to a smog alert. When alerts are issued for 2 successive days, however,

individuals appear to neglect the second day alerts. Our findings also indicate that

ozone alerts induce five times larger impacts on weekends compared to weekdays.

These patterns suggest that the cost of cycling substitution for commuter goals

is higher than leisure goals. Furthermore, the cost of intertemporally avoiding

cycling is increasing over time.

1 Introduction

Air pollution is one of the major environmental risks to human health. The World

Health Organization (WHO 2014) estimates that ambient air pollution caused 3.7

million premature deaths worldwide in 2012. The United Nations Environment
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Programme (UNEP) estimates that urban air pollution costs roughly 2 and 5

percent of GDP in developed and developing countries, respectively.1 In addition,

the recent Australian burden of disease report estimates that in Australia 1.5% of

all deaths are related to long-term exposure to urban air pollution and 0.8% to

short-term exposure.2 In terms of public health concern, this clarifies the essential

need for an effective health and environmental policy.

Recently, policy makers have begun to supplement traditional air pollution

standards, which focus on regulating emissions from pollution sources, with mea-

sures targeted at reducing exposure to air pollution by individuals. Among various

types of demand-side regulations, increasing attention is given to information-

based regulations, which aim to alter individual choice through behavioral inter-

vention. For instance, air quality alerts provide information to help individuals

mitigate pollution exposure by advising behavioral changes during poor air quality

episodes.

This study distinguishes between direct and indirect avoidance behavior in

terms of studies’ approach in quantifying avoidance behavior. Indirect avoidance

behavior is estimated indirectly through the impact of alerts on the health out-

comes whereas direct avoidance behavior is computed by estimating the alerts’

impact on the demand for outdoor activities. While a growing body of literature

suggests that individuals engage in avoidance behavior in response to publicized

health risks,3 few studies investigate the existence of direct avoidance behavior.4.

Our paper contributes to a small body of literature on the behavioral effects of

information-based air pollution regulations by quantifying direct avoidance behav-

ior and investigating the dynamics of individuals’ response associated with ozone

alerts in Sydney from May 2008 to September 2013.

We measure avoidance behavior and its dynamic using administrative data

collected by the City of Sydney that provides counts of bicycle use at daily and

1Urban Air Quality. United Nations Environment Programme (UNEP). Urban Environment
Unit http://www.unep.org/urban-environment/issues/urban-air.asp

2Australian Institute of Health and Welfare (AIHW). Burden Disease Unit.
http://www.aihw.gov.au/burden-of-disease/previous-studies/.

3For instance, look at Ahituv et al. [1996]; Jin and Leslie [2003] ; Bresnahan et al. [1997]
;Mansfield et al. [2006];Wen et al. [2009] and Sexton [2011].

4Among previous studies just Graff Zivin and Neidell [2009] and Noonan [2011] examine direct
avoidance behavior using revealed preferences data.
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hourly5 intervals on a number of popular cycling routes in the city. To the best

of our knowledge, this is the first study that examines whether physically active

individuals value air quality information and avoid being exposed to pollution.

Furthermore, following Graff Zivin and Neidell [2009] the dynamics of alerts’

impact is analyzed using two successive day alerts model. Investigating the dy-

namics of alerts’ behavioral impact on cyclists (as opposed to some other activities)

is noteworthy since not only is cycling a popular and extremely intensive cardio-

vascular activity but also compare to zoo attendance (which is used as an outdoor

activity by Graff Zivin and Neidell [2009]) represents a less optional activity since

it is one type of transportation mode.

Estimating the cost of air pollution is challenging. As argued by Zivin and

Neidell [2013], there are four main methodological challenges in the estimation of

air pollution health effect: First, because of variation in pollution across regions

assigning pollution and weather variables to individuals based on individual and

monitor locations could lead to measurement error. Second, air pollution might

have a non-linear effect on health. In other words, it might be the case that when

air pollution exceeds a particular level the hospitalization rates increases, whereas

a lower level of pollution could potentially cause other form of morbidities.

Third, omitted-variable bias could arise due to the environmental confounding

factors. In fact, meteorological factors can highly impact the levels of outdoor

activities and health and at the same time the level of air quality. Therefore, the

estimation may be biased since it is hard to fully control for weather conditions

with proper functional form.

Lastly, optimizing individuals might engage in avoidance behavior to reduce

air pollution exposure that will lead to endogenous pollution. For instance, endo-

geneity might arise when individuals shift their outdoor activities toward emission-

related activities. Although this action reduces exposure, it will increase the level

of air pollution. Thus the level of air pollution may be an endogenous response to

alerts, making it hard to construct a credible model for what would have been the

effect of alerts on the outdoor activities. In addition, it is hard to fully account

for all sources of avoidance behavior.

In order to overcome the mentioned methodological challenges, Moretti and

5The hourly cycling data are used to define leisure and commuter routes.
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Neidell [2011] use the daily Los Angeles boating traffic as an instrument for ozone

level to show that controlling for the endogeneity problem, measurement error

and environmental confounders, ozone causes $44.5 million per year in respiratory

hospital cost in Los Angeles. In addition, they estimate that avoidance behavior

in response to smog alerts costs at least $11 million per year.

To address the four methodological challenges described above, we use bushfire

as an instrumental variable for level of air quality. Bushfires are mainly charac-

terized as any unconstrained fire that is burning in a grass, bush, or forested area.

Because of the weather and geographical condition, bushfires are frequent events

in Australia. As indicated by the Australian Bureau of Meteorology, in most in-

stances hot and dry winds gusting from central Australia increase a risk of fire.

The bushfire season differs by region. Southern Australia is more vulnerable to

the threat of fire during the dry summer months (December to March), whereas

northern Australia is most susceptible during winter (April to September).

Using bushfire as an instrument for air quality level not only controls for en-

dogeneity of air pollution but also accounts for measurement error and omitted-

variable bias. Two factors suggest that bushfire is a valid instrument for air quality.

First, the timing of a bushfires’ incidence is random in the short run. Although

the hot and dry climate results in bushfires in Australia, their occurrence cannot

be timed perfectly. Second, bushfire smoke contains particulate matter, carbon

monoxide and volatile organic compounds and can increase the ground level of

ozone in the presence of sunlight. Therefore it is reasonable to think that bush-

fires have an adverse effect on air quality while they are clearly uncorrelated with

other unobservable factors determining demand for cycling.

Instrumental variable estimates demonstrate that for a one-time ozone alert,

cycling trips reduce by a statistically significant 25 percent. However, when ozone

alerts are issued for two successive days, the second day response falls to statisti-

cally insignificant 8 percent. These consequences confirm that the cost of avoiding

cycling is increasing over time. Moreover, individuals seem to consider the benefit

associated with reduction in pollution exposure as constant over time. Therefore,

they appear relatively unresponsive to the second day alerts.

Our result is insensitive to different specifications for pollutants and weather

factor. Excluding pollution and weather factors, estimation results suggest that
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cycling trips reduce by a statistically significant 16 percent in response to ozone

alerts. This result clarifies the robustness of our approach in accounting for con-

founders. Moreover, our finding is insensitive to nonlinear effects of air quality on

demand for cycling. Adding the quadratic form of the air quality index variable,

cycling trips reduce by statistically significant 18 percent in response to ozone

alerts.

In addition, alerts’ behavioral impact on weekdays versus weekends and com-

muter versus leisure routes suggests that individuals are unwilling to bear the cost

of avoiding cycling for their commuter goals. Regression results suggest that in

response to an alert, there is a statistically significant 12 and 60 percent reduction

in the number of cyclists on weekdays and weekends, respectively. Furthermore,

cycling trips decline by a statistically significant 18 and 24 percent for commuter

and leisure routes, respectively.6The larger value of alert response on weekends

is due to the higher elasticity of cycling demand with respect to air quality over

weekends and non-peak hours. This implies that leisure activities on weekends can

be substituted more easily.

From a policy perspective, our findings highlight the importance of proper

health and environmental education that needs to be coupled with air quality

forecast policies. More specifically, the air quality program is usually considered

as an effort to ”optimize” individuals’ behavior. In fact, the magnitude to which

behavior can be optimized depends on whether individuals take proper action while

taking into account alert and air quality information. Therefore, more relevant and

detailed health and environmental advice (which can target individuals’ perception

of ambient air pollution) associated with air quality information might be welfare

enhancing. The next section surveys previous literature on behavioral impacts of

air quality alerts. Section 3 provides a brief overview of the Air Quality Index

Forecast program in Australia. Section 4 describes data. A simple theoretical

framework is presented in section 5. The next section describes methodology.

Section 7 discusses our results. Section 8 concludes.

6Two specifications are used to define a commuter and leisure route. Said that, this result is
obtained from the weekdays and weekends number of cyclists per counter ’s specification.
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2 Literature Review

Generally, air quality alert policies aim to improve public health by inducing avoid-

ance behavior. In fact, public air quality information helps individuals to maximize

the utility of their outdoor activities, accounting for the health risk from air pol-

lution. Quantifying avoidance behavior is important since, as indicated by Neidell

[2004], ignoring individual avoidance response to pollution information (i.e. air

quality alerts) not only can result in biased estimation of the impact of pollution-

related health risks, but also might lead us to underestimate the welfare costs of

pollution.

Starting in 1999, the U.S. EPA mandated all jurisdictions with populations

more than 350,000 to report the daily level of Air Quality Index (AQI). AQI is a

measure of air pollution. It is used both in measuring current air pollution and in

reporting forecast of air pollution. In addition, US jurisdictions (with more than

350,000 population) are required to report an air quality alert 1 day in advance.

Alert is issued if the AQI is expected to exceed a particular threshold. Air quality

alerts might serve different goals. There are two main kinds of alerts: (1) alerts

with an objective of reducing exposure, and (2) alerts with an objective of reducing

pollution. These presumably induce different behavioral impacts, partly by design.

A growing body of literature tries to estimate the behavioral impact of alerts.

There are three bodies of literature relevant to this subject. First, there are studies

that investigate the existence of indirect avoidance behavior in terms of the alerts?

impact on cardiovascular and respiratory hospital admissions. Second, some stud-

ies explore transportation choices in response to alerts. Third, there are a few

studies that examine direct avoidance behavior by investigating how the level of

outdoor activities on days with alerts differs from days without alerts.

2.1 Air Quality Alerts: Indirect Avoidance Behavior

Since human health risk reduction is the main objective of clean air regulations,

economists have begun to quantify the impact of air quality alerts by exploring

the effect of alerts on the level of respiratory and cardiovascular hospitalizations.

The behavioral impact of alerts estimated by these studies is called indirect avoid-
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ance behavior because it is computed indirectly through the impact of alerts on

the health outcomes. Neidell [2004] estimates the effect of ozone pollution on child

hospital hospitalizations for asthma in California. His findings indicate that the de-

cline in pollution levels from 1992 to 1998 reduced hospital admissions by between

5 to 14 percent. Moreover, he estimates that smog alerts reduce the asthma rate

among children aged 6-12 years by 1 percent, which demonstrates the existence of

indirect avoidance behavior.

Neidell [2009] investigates the relationship between ozone levels and asthma

hospitalizations in Southern California using a regression discontinuity method.

His estimation results show that ozone alerts reduce asthma hospital admissions

by a statistically significant 16 percent among individuals aged 5-19 years. He

also shows that incorporating the response to information about air quality yields

significantly 2.6 times larger impact of pollution levels on asthma rate.

2.2 Air Quality Alerts: Transportation Choice Impact

Several studies investigate the impact of alert policies on transportation patterns

to determine whether or not alerts induce any behavioral response. For instance,

Cummings and Walker [2000] develop a model to forecast aggregate daily traffic

volumes so that they can compare the forecast volume of traffic with the observed

volume on days with an ozone alert. They report no significant effect of ozone

alerts on the traffic patterns in Atlanta.

In contrast, Welch et al. [2005] use hourly train ridership data to evaluate

the impact of smog alerts in Chicago from 2002 to 2003. They demonstrate that

although the aggregate level of train ridership does not change in response to alerts,

its hourly patterns significantly differ on days with alerts compared with the days

without an alert. Specifically, an ozone alert declines hourly train demand by

between 0.03 to 0.13 percent between 6 and 7 am and 2 and 3 pm, and increases

hourly train trips by between 0.02 and 0.1 percent between 9 and 11 am and 5 and

9 pm. Cutter and Neidell [2009] investigate how individuals in the San Francisco

Bay Area change their transportation choice in response to “Spare the Air” (STAs)

policy.7 Their results show that while pollution advisories (i.e. STAs) decrease the

7“Spare the Air ”(STAs) required the Bay Area Air Quality Management District (BAAQMD)
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total volume of daily vehicle traffic by a statistically significant 3 to 3.5 percent,

they increase total daily demand for public transportation (i.e. Bay Area Rapid

Transit (BART)) by a statistically insignificant 1 percent.

A study by Tribby et al. [2013] uses daily vehicle traffic data over a 10-year

period in Salt Lake and Davis counties to investigate the effectiveness of particulate

matter and ozone alerts. They conduct an ANOVA analysis to show that in

response to alerts, the level of traffic reduces in the city centre by a statistically

significant 2.1 percent, but traffic increases by 5.8 percent near the edge of the

metropolitan area.

2.3 Air Quality Alerts: Direct Avoidance Behavior

To quantify the direct avoidance behavior, previous studies either use survey data,

such as Bresnahan et al. [1997];Mansfield et al. [2006];Wen et al. [2009] and Sexton

[2011], or they use outdoor attendance data. For instance, Sexton [2011] uses the

American Time Use Survey (ATUS) data to show that individuals avoid being

exposure to pollution in response to smog alert by on average 18 minutes reduc-

tion in their Vigorous Outdoor Activities (VOAs). Graff Zivin and Neidell [2009]

use attendance at the Los Angeles Zoo and Botanical Gardens and Griffith Park

Observatory as a measure of outdoor activity to examine how individuals adjust

their time spent outdoors in response to a smog alert. They find that smog alerts

significantly reduce individuals’ attendance at the zoo and observatory by 15 and

5 percent, respectively. However, if the alerts are issued for two consecutive days,

there is no significant reduction on the second day. Noonan [2011] investigates the

change in the usage pattern of Piedmont Park, which is a major Atlanta park, in

response to smog alerts. He finds that aggregate park usage does not change on

days with alerts compared to days without alerts. However, on smoggy days there

is a statistically significant 2 and 25 percent reduction in the proportion of elderly

and exercisers, respectively.

It is important to note that the existence of avoidance behavior by a physically

active individual can play a crucial role as a source of nonmarket behavior in re-

to issue an alert on days when the ground level of ozone is predicted to exceed National Ambi-
ent Air Quality Standards (NAAQS). STAs aimed at reducing ozone level by encouraging the
voluntary reductions in vehicle trips and increases use of ride-share and public transit.
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ducing the health risk associated with air pollution. In particular, previous studies

such as Carlisle and Sharp [2001] and Atkinson [1997] find that exercising in poor

air quality can increase health risks. The cardiovascular and respiratory effects of

air pollution are amplified by exercising since exercisers inhale more pollutants.

Cakmak et al. [2011] use the Canadian Health Measure Survey (CHMS)8 data for

5000 individuals aged 7 to 69 years to investigate the effect of air pollution on

cardiovascular function of exercisers. Their results show that a 17 ppb increase

in ozone is associated with a 1.5 percent reduction in aerobic fitness score.9In ad-

dition, Marr and Ely [2010] gather seven marathon race results to show that 10
µg/m3 increases in the level of PM10 will reduce the performance of female marathon

runners by 1.4 percent.

To the best of our knowledge, to date there is no study in Australia examining

the effectiveness of air quality alerts. Notably, previous works such as Chen et al.

[2006], Morgan et al. [2010], Jalaludin et al. [2000] and Smith et al. [1996] mainly

investigate the effect of bushfire smoke (particularly PM10) on the respiratory and

asthma hospitalizations in Australia.

3 Background on Air Quality Policies in Aus-

tralia

Information provision about air quality (i.e. alerts) may be more cost-effective

at reducing pollution exposure compared to direct regulations. As a result, a

number of jurisdictions have implemented air quality alert systems. Air quality

alert systems aim to provide timely information to individuals about periods of

elevated ambient pollution concentrations to allow individuals to make decisions

so as to limit pollution exposure.

The National Environment Protection Council (NEPC) is responsible for reg-

ulating air quality in Australia. National standards for six major pollutants (i.e.

8Starting in 2007, the Canadian Health Measures Survey (CHMS) has been gathering relevant
information about Canadians’ health by collecting main physical measurements such as blood
pressure, height, weight and physical fitness.

9Aerobic fitness score computes the volume of oxygen that each individual needs to burn
during peak exercise.
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ozone (O3), carbon monoxide (CO), sulfur dioxide (SO2), nitrogen dioxide (NO2),

lead and air particles (PM2.5 and PM10)) are set under the National Environ-

ment Protection Measure for Ambient Air Quality (the “Air NEPM”) Acts. Air

NEPM also defines the methods by which these pollutants need to be measured,

distinguished and reported.

The NSW Office of Environment and Heritage (OEH) is responsible for report-

ing AQI in NSW. Each monitoring station collects hourly measurements of air

pollutant concentrations. These measures are then used to construct daily mea-

sures of AQI for each site and region. OEH reports daily AQI via media including

local newspaper, radio and television or known websites and phone applications.

The Air NEPM standards and their averaging period are represented in Table 1.

According to NSW EPA, the air quality index (AQI) can take any value between

0-500. The AQI is classified into six categories: Very Good AQI= (0-33), Good

AQI= [34-66), Fair AQI= [67-99), Poor AQI= [100-149), Very Poor AQI= [150-

199) and Hazardous is for AQI levels above 200.

Beyond the hourly and daily values of AQI, every day at 4pm the OEH issues

a forecast for the next day’s air quality index. If any of the three regions within

Sydney (Eastern, North Western and South Western Sydney)10 are predicted to

have AQI above 100 an air pollution health alert is issued by the NSW Office of

Health, typically one day in advance at 4pm. An air quality alert is announced

with hourly pollution details through the NSW OEH web pages11, twitter, e-mail

and SMS notifications.

The air quality health alert for the Sydney Region is based on gathering and an-

alyzing information from several sources: (1) the Air Quality Index (AQI) value for

the previous 24 hours throughout Sydney, (2) the Bureau of Meteorology (BOM)

to assess the meteorological conditions including wind speed, wind direction, rain-

fall, temperature, temperature inversion and cloud cover, (3) Rural Fire Service

(RFS) to assess emission sources from bushfires when their presence is likely to

cause elevated particle levels for the next day.

Due to the hot and dry climate, bushfires are frequent events in Australia. As

indicated by the Australian Bureau of Meteorology, in most instances hot and dry

10These three Sydney regions include over 60 percent of the 6.04 million residents of NSW.
11Alerts are announced at: http://www.environment.nsw.gov.au
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winds gusting from central Australia increase a risk of fire. The bushfire season

differs by region. Southern Australia is more vulnerable to the threat of fire during

the dry summer months (December to March), whereas northern Australia is most

susceptible during winter (April to September).

Smoke due to the bushfires usually covers large areas of land and can impact

the air quality of regions that are hundreds of kilometers away from the actual

location of fires. In fact, bushfire smoke is often part of the Australian urban air

pollution. This smoke contains mainly particulate matter, carbon monoxide and

volatile organic compounds. Bushfire smoke can also increase the level of ground

ozone in the presence of sunlight.

4 Data

To quantify ozone alerts’ behavioral impact and its dynamics on cyclists in Sydney,

this study needs to bring together information about cycling activity, air pollution

alerts, ambient air pollutants and weather data across Sydney. The following

subsections discuss the data sources and the matching approach for each dataset.

4.1 Cycling Activity

This study uses hourly and daily aggregate numbers of cyclists for 31 routes within

the city of Sydney as an index for outdoor activity. The regional location of routes

can be categorized into: downtown, inner north, inner west, north, northwest, west

central and south. We obtained the daily aggregate number of cyclists from May

2008 to September 2013 for 31 counters within the City of Sydney.12Figure 1 shows

the location of Sydney cycling counters.

Focusing on cycling activity as a measure of outdoor activity provides several

advantages over previous studies. First, the exact date of aggregate cycling activity

data corresponding to forecast AQI alerts is available. Second, the cycling data are

available for more than five years, which allows the study of significant variations

in pollutant levels, AQI and alerts. Third, the data are available for commuter and

non-commuter routes and for weekdays and weekends. This allows us to perform

12Counters belong to NSW Roads and Maritime Services.

11



additional specification of behavioral impact of alerts for cycling activities. Lastly

and most importantly, previous studies primarily rely on survey data of outdoor

activities, while cycling trip data is not only a revealed preferences measure but

also is an accurate measure for high exposure outdoor activity in contrast to the

outdoor attendance data used by Graff Zivin and Neidell [2009].

The average length of each cycling path is 6 km. Most of the routes are

commuter paths. However, some of them, such as Sydney Park to Centennial

Park, are leisure routes that link two recreational facilities together. Shown in

Table 2, the daily average number of cyclists from May 2008 to September 2013

is 353.6 per counter; however, the average number of daily cyclists for commuter

routes is 614.5 per counter. Counters are excluded from the data if they count

fewer than 10 cyclists per day.13There were 16 days from May 2008 to September

2013 in which counters did not work properly and all of the counters counted zero

cyclists. Those dates with zero cyclists for all counters are dropped out from the

regression. After dropping all the missing values for included explanatory variables

(which are discussed below), we are left with a total 1831 days.

In order to conduct additional avoidance behavior specifications, the Sydney

cycling network is classified into leisure and commuter routes according to two

alternative mechanisms: First, comparing the daily average number of cyclists on

the weekend with weekdays. If the average number of cyclists for a specific route is

higher on the weekends than weekdays, a route is classified as leisure. Conversely,

if the average number of cyclists is higher on weekdays, the route is classified as

a commuter route. Figures 4 and 5 show the average number of cyclists over each

day of the week for a typical commuter and leisure route. Second, to gauge the

robustness of our results, routes are decomposed once more by investigating the

peak hours of cycling demand for each route. In particular, the percentage share

of weekday peak hours cycling trips from total weekday trips is calculated for each

counter.14Figures 6 and 7 represent the hourly pattern of a commuter and a leisure

counter. If the share of peak hours trips is more than 70 percent, the route is called

commuter. Otherwise, is categorized as a leisure routes.

13Because of this reason 5 out of 31 counters are excluded from our regression.
14Peak hours are between 7am-10am and 4pm-7pm.
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4.2 Ambient Air Pollutant Information

Data on ambient air pollution, air quality index and air quality alerts are obtained

from the NSW OEH. Shown in Figure 1, overall there are 21 air quality monitoring

stations around Sydney region, of which 14 stations are active corresponding to the

period of this study. The daily measures of 1-h ozone (O3), 1-h carbon monoxide

(CO),1-h nitrogen dioxide (NO2) 1-h particulate matter (PM10 and PM2.5) are

included in our model.15 All pollutant variables are 24-hour averages deriving

from 1-hour averages. To assign a daily pollution level to each cycling counter,

the closest air pollution monitoring site station is used based on longitude and

latitude coordinates.

It is also important to note that the NSW OEH issues a single air quality

alert (based on the air quality forecast) for the entire Sydney region. This study

deals only with behavioral impact of ozone alerts, since in most instances the

forecast is primarily determined by the forecast value of ozone. In fact, in our

period of study 96 percent of air quality alerts are ozone alerts.16 Particularly, as

indicated by NSW EPA 2012, the ambient concentrations of CO, NO2, and SO2,

are generally below the NEPM standards, whereas the ground level of O3 in urban

areas and the concentrations of PM10 and PM2.5 in urban and rural areas often

exceed the standards.

As shown in Table 2, a one-time ozone alerts occurred 1.3 percent while two

successive alerts occurred only for 0.4 percent17of the days between May 2008 and

September 2013. This suggests that an ozone alert is not a very frequent incident

in Sydney region.

4.3 Weather

This study controls for confounding weather factors. On one hand, short run

variations in the weather conditions can impact the ambient level of pollution, such

as ground level of ozone. On the other hand, cycling activity is highly affected by

15Data are available at http://www.environment.nsw.gov.au/AQMS/search.htm
16For a total of 1831 days, alerts are issued for 25 days, of which 24 are determined by forecast

value of ozone. Observed value of AQI was above threshold for 34 days.
17In period of our study two consecutive alerts issued for 7 days, of which only 2 are occurred

on weekends and holidays.
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weather conditions. In particular, the daily measures of maximum temperature,

average air temperature, precipitation, relative humidity, number of hours of bright

sun from sunrise to sunset, total global sun exposure and wind speed are included

as weather variables in our estimation.

The weather data are obtained from the Australian Bureau of Meteorology

(BOM). Data are assigned to all cycling counters using measures from the Sydney

Airport Metropolitan monitoring station.18 Figure 1 shows all weather, pollution

stations and cycling counters.

4.4 Bushfires

As mentioned above, this study uses bushfire as an instrumental variable for air

quality. Bushfire data are obtained from the NSW Rural Fire Service (RFS),

Australian Emergency Management Institute (AEMI)19 and Romsey Australia.20

Shown in Table 2, there were active fires around Sydney 2.7 percent of the time.

Data on active bushfires are gathered from RFS and Romsey Australia. Moreover,

each fire size and its distance from the city of Sydney are obtained from AEMI.

To give insight into how many fires burn near Sydney, Figure 2 shows all active

burning fires around Sydney during 2013.

5 Conceptual Framework

This section presents a simple economic model to show that how poorer level of air

quality (i.e. larger value of air quality index) might lead to a lower level of cycling.

Let Θ be the type of cyclists. Assume cyclists are distributed on Θ according to

distribution F (Θ) with density function f(Θ) over the interval Θ = [0, 1]. Suppose

further F is strictly increasing.The utility function for a type Θ of cyclist is denoted

18The Sydney airport weather station is located around the downtown of Sydney and it has
the most complete weather data. Given the fact that this may cause measurement error, we
limit our sample to assign weather conditions based on GPS coordinates and find no significant
difference. The model is also regressed excluding weather variables shown in Table 6.

19Data were found at: http://www.emknowledge.gov.au
20Data were found at: http://home.iprimus.com.au
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by

u(q, θ) =

{
θv − c(q) if cycles,

0 otherwise,
(1)

where v is the benefit from cycling and c(q) is the cost of cycling as a function

of air quality q ∈ R+. The larger value of q corresponds to poorer air quality.

Assume c is strictly increasing in q. In fact c(q) shows damage from air pollution.

Therefore, it is logical to assume that marginal damage is increasing in pollution

(i.e. the damage from air pollution is convex). Finally, assume c(q) < v so there

is always demand for cycling.

From (1) there will be a type

θ̃(q) =
c(q)

v
∈ (0, 1) (2)

such that all types θ ≥ θ̃ will cycle and all types θ < θ̃ do not. Demand for cycling

is then given as

D(q) = 1− F (θ̃(q)). (3)

Now assume that q0 is an initial value of air quality index and air quality increases

to q1 such that air quality exceeds a threshold for alert. It follows from Taylor’s

theorem that:

D(q1)−D(q0) =

− f(θ̃(q0))
c′(q0)

v
[q1 − q0]

− 1

2

[
f ′(θ̃(q0))

c′(q0)

v
+ f(θ̃(q0))

c′′(q0)

v

]
[q1 − q0]2.

(4)

Therefore for q1 > q0 we will have D(q1) < D(q0) which implies that demand

for cycling decreases as air quality deteriorates.
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6 Empirical Analysis

Quantifying the level of avoidance behavior is challenging. First, individuals might

reduce their exposure to pollution by adjusting their time spent doing outdoor ac-

tivities by choosing to drive instead of cycling. This action by itself will increase

the pollution level. Thus, air quality level is potentially endogenous in this frame-

work.

Second, meteorological factors can directly affect the choice for cycling and at

the same time they can impact the level of air quality. Previous studies such as

de Freitas et al. [2008] and Connolly [2008] demonstrate that for most outdoor ac-

tivities, meteorological factors have a nonlinear functional relationship, and adding

higher polynomial orders of weather conditions (especially maximum air temper-

ature and precipitation) has a substantial effect on the estimates of demand for

outdoor activities. Although weather conditions can be observed and controlled,

estimation may be biased since it is hard to fully control for all weather factors

with appropriate functional form.

Third, as mentioned by Neidell [2009], assigning pollutants variables to each

counter using interpolation techniques might result in measurement error because

of two reasons. First, air pollution concentrations are highly variable within re-

gions. Second, individuals can move between region and we often do not know

where they spend their time. In particular, previous studies such as Jacquemin

et al. [2013], Lleras-Muney [2010] and Schlenker and Walker [2011] find that es-

timation of the effect of air pollution on health is quite sensitive to the methods

used in assigning the pollutants variable to individuals.

In order to address the above methodological problems, this study implements

an instrumental variables estimator using bushfires as an instrument for air quality

levels in Sydney. Instrumental variables are a dummy for an active bushfire around

Sydney, the size of the bushfire and the distance of the bushfire from Sydney.

To estimate short-run direct avoidance behavior, this study begins by examin-

ing the effect of alerts on the number of cyclists each day. Our baseline fixed effect

model is:

log(cycling)it = alerttβ1 + Pitγ1 +Witδ1 + Φi + φt + εit (5)
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where cyclingit is the aggregate daily level of cycling at counter i at date t.

alertt is a dummy variable which is one when it is forecasted that ozone level will be

higher than the standard level and zero otherwise. aqiit is the value of air quality

index at air pollution monitoring station i at date t. Pit is a vector of potential

pollution confounding variables affecting cycling quality including observed level

of air quality index(AQI), ozone (O3), carbon monoxide (CO), nitrogen dioxide

(NO2) and particulate matter (PM10 and PM2.5).
21 Wit includes the weather

variables that may affect cycling experience: maximum temperature, quadratic

form of maximum temperature, air temperature, precipitation, relative humidity,

solar exposure, number of hours of bright sun and wind speed.22

Φi and φt are respectively cycling routes fixed effect and time fixed effect that

might affect cycling quality. Specifically, following Graff Zivin and Neidell [2009],

φt is a vector of time dummies which includes dummies for day of week, holidays,

month and year-month. εit is an error term. All the error terms in this study are

clustered at cycling counters to account for serial correlation within counters.

In order to examine which groups of cyclists engage in avoidance behavior, the

model is also regressed for weekends versus weekdays and commuter versus leisure

routes. This specification allows an understanding of whether behavioral impacts

of alerts are distributed uniformly across individuals. The coefficient β1 captures

differences in daily cycling level between days with an alert and days without an

alert. We expect β1 to be negative, which implies that individuals reduce their

level of outdoor activities in response to alerts.

To analyze the dynamics of individuals’ response to ozone alerts, following

Graff Zivin and Neidell [2009] the model is expanded to a 2-day model as follows:

21The daily level of air quality index is calculated using maximum pollutant concentrations
that are measured everyday from 1.00 am to 12.00 am of previous day. Therefore to better
control for the actual level of air pollution, in addition to AQI, the average daily level of O3 ,
CO, NO2, PM10 and PM2.5 are included in our regression. This might increase the standard
error of estimated coefficients which will affect the significancy of our results. It is however shown
that regression results are insensitive to excluding the pollution variables.

22All weather data used in this study are measures at 6:00 am since most of the cycling paths
are commuter routes, so if individuals want to make a decision for cycling they are likely to
consider the 6:00 am weather conditions.
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log(cycling)it = alerttβ1 + alertt−1β2 + alertt−1alerttβ12

+Pitγ1 + Pit−1γ2 +Witδ1 +Wit−1δ2 + Φi + φt + εit
(6)

where alertt−1 is lagged alerts. The interaction of current (alertt) and lagged

(alertt−1) alerts allows estimating the effect of current alert on the cycling demand

depending on whether there was an alert yesterday. As argued by Graff Zivin and

Neidell [2009] in this framework, if alerts are issued on two successive days, t− 1

and t, the effect of the second days’ alert in t conditional on cycling in t is β1 +β12.

However the impact of one-day alert is still β1 since for a one-day alert we have

alertt−1 = 0.

Graff Zivin and Neidell [2009]’ results show that for a leisure activity such as

zoo attendance, when alerts are issued on 2 successive days, individuals seem quite

non responsive to alerts on the second day. This result obviously depends on the

type of activities since the cost of avoiding activities differ by the nature of them.

Investigating the dynamics of individuals’ response for an activity such as cycling

is crucial since cycling demand (especially in our dataset) represents a mode of

transportation. Hence compare to zoo attendance, cycling seems less likely to be

optional. Therefore, it is worthwhile to see how the dynamics response of ozone

alerts for a less optional activity such as cycling might look like.

To address the potential endogeneity concern about air quality23 the model is

regressed using an instrumental variable estimator. In particular, the following

equation is estimated in the first stage:

aqiit = bushfiretα1 + sizeitα2 + distanceitα3 +Witδ1 + Pitγ1 + ψt + Ψi + υit (7)

where bushfiret is a dummy variable which is one for the date when there was

an active bushfire near Sydney and zero otherwise. sizet is a hectare measure of

23As discussed in section(3), since alertt is determined by the value of AQIt+1 and AQIt−1,
it might come to mind that there is no need to control for the endogeneity of AQIt while the
coefficient of interest is alertt. As argued by Angrist and Pischke [2008], the endogeneity of
one explanatory variable will affect the consistency of other variables unless the orthogonality
condition is satisfied. As AQIt−1, AQIt and AQIt+1 are likely to be highly correlated, it is not
sensible to assume that AQIt and alertt are orthogonal. Therefore, it is essential to control for
the causal effect between the level of air pollution and the transportation choice in the presence
of an air quality alert.
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each fire and distanceit is the distance between an active fire and city of Sydney.

Using bushfire, size and distance as instrumental variables first requires that

several conditions be satisfied. First, these variables must affect air quality level

while they should not directly have any influence on the demand for cycling.

This requires that cov(bushfiret, log(cycling)it) = 0, cov(sizt, log(cycling)it) = 0,

cov(distancet, log(cycling)it) = 0 while cov(bushfiret, AQIit) 6= 0, cov(sizt, AQIit) 6=
0, cov(distancet, AQIit) 6= 0. Second, these variables should be orthogonal to

other unobservable factors affecting the daily aggregate number of cyclists. In

other words in order to get an unbiased estimation of avoidance behavior (β1), the

conditions cov(bushfiret, εit) = 0, cov(sizt, εit) = 0, cov(distancet, εit) = 0 must

be satisfied.

Essentially, two properties imply that these instrumental variables can satisfy

the above conditions. First, bushfire smoke represents one of the primary sources

of urban pollution in Sydney that can adversely impact the air quality. Indeed,

bushfire smoke undoubtedly worsens the level of air quality. In addition, As dis-

cussed in section (3), in order to forecast the level of air quality, the emission

sources from bushfires is thoroughly assessed by OEH. Therefore, it seems logical

to assume that all possible impacts of bushfire smoke on cycling demand is com-

pletely absorbed by air quality alerts. It might be also useful to mention that the

average of total active brushfires’ distance from city of Sydney during the period

of our study was roughly 947 kilometers. Thus, it can be claimed that the smoke

form bushfires are rarely observable from the city of Sydney.

Second, although hot and dry climate cause bushfires to be a frequent event

in Australia, in fact bushfires are a quasi-random event. Generally, bushfires can

be started either naturally or as a result of human activities, and their occurrence

cannot be timed perfectly. Thus it is sensible to assume that bushfire is un-

correlated with other unobservable factors that might affect the cycling decision.

Therefore, it is logical to expect that the bushfire measures are valid instruments

for air quality.
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7 Results

7.1 Graphical Analysis

Figure 3 shows the preliminary evidence that ozone alerts induce avoidance be-

havior among cyclists in Australia. The aggregate daily level of cycling trips for

all routes, observed value of air quality index and alerts are used to draw this

graph. While this Figure does not control for any confounders, it shows a scatter

plot and linear fitted value of cycling average against AQI. Each dot shows the

average number of cyclists for all routes at each specific value of air quality index

conditional on alert. In other words, we get the average of all routes’ cycling trips

for each level of AQI for the days with an alert and without alert. For instance,

a grey circular dot corresponds to AQI = 50 and log(cycling) = 5.5 shows the

logarithm of cycling trips when the observed value of air quality was 50 and alert

was not issued.

As depicted, the average number of cyclists on days with an alert is quite low

compared with days without alerts. This suggests the existence of avoidance be-

havior among cyclists in response to ozone alerts. This result is comparable to

Graff Zivin and Neidell [2009]’s findings, which focus on Los Angeles zoo atten-

dance to examine direct avoidance behavior, and find a statistically significant 15

percent decline in attendance in response to a smog alert.

7.2 Regression Results

Estimation results based on Equation (5) are presented in Table 3. Column (1)

shows baseline OLS results for all routes. The estimates suggest that cycling

activity reduces by a statistically significant 13 percent in response to alerts. This

result is consistent with our graphical analysis that illustrates the lower level of

cycling trips on days with alert. Columns (2) and (3) present regression results

for weekdays and weekends. Compared to the baseline model, estimates of alert

response for weekdays show a statistically significant 15 percent decrease in cycling

activity. However, the effect of alerts on weekends and holidays is relatively small

and statistically insignificant.

Results for subsamples of commuter and leisure routes are presented in columns
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(4) and (5). Estimates suggest that cycling falls by a statistically significant 7

percent for commuter routes and statistically insignificant 11 percent for leisure

routes.

Previous studies24 such as Tribby et al. [2013] find a 12 percent increase for

weekday daily level of vehicle traffic in response to PM2.5 alerts in metropolitan

areas in Utah whereas the weekend level of traffic reduces by 2 percent. Hence, the

behavioral alerts response might lead to higher vehicle use and therefore higher air

pollution. This suggests that to estimate an unbiased direct behavioral impact of

alerts, we need to control for endogenous increase in air pollution.

The regression results using a fixed-effect instrumental variable estimator are

reported in Table 4. Panel A shows the first stage regression results. In the first

stage, we estimate the effect of three instruments (bushfire, size and distance) on

the air quality using Eq. (6). Column (1) shows regression results when only one

instrument (i.e. dummy for active fire) is included in the first stage. Column

(2) present estimates when bushfire and size are included in the first stage as

instruments. Column (3) shows IV regression results when all three instruments

are included in the first stage. The second stage results are reported in Panel B

where the dependent variable is cycling.

Shown in Panel C, the F-test for the joint significance of all excluded instru-

ments indicates that all instruments are statistically significant and strong. Ac-

cording to the Hausman test25 for all IV regressions, the difference between OLS

and IV estimation is statistically significant.

Controlling for the endogenous increase in air pollution and accounting for

confounding factors and measurement error, results suggest that 20, 25 and 32

percent of cyclists avoid exposure to air pollution when bushfire, bushfire and size

and bushfire, size and distance are instrumented, respectively.

Our results are quite consistent and comparable with previous studies such as

Graff Zivin and Neidell [2009] and Noonan [2011]. Specifically, Noonan [2011] finds

24Cutter and Neidell [2009]; Welch et al. [2005] and Möser and Bamberg [2008] also investigate
the transportation-pattern change in response to alerts.

25Under the null hypothesis of the Hausman test, the specified endogenous regressors can be
treated as exogenous, and the test statistic is distributed as chi-squared with degrees of freedom
equal to the number of regressors tested. The Hausman test for bushfire or bushfire and size has
respectively a p-value of 0.049 and 0.003.
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air quality alerts reduce exercising in Atlanta Park by 25 percent.

The fact that alerts are effective among cyclists is crucial. In particular because

individuals who choose to cycle are generally healthy and young. Therefore it can

be claimed that for high-exposure activities such as cycling, young and healthy in-

dividuals (who are not really a vulnerable group) value the air quality information

and voluntarily avoid being exposed to pollution.

IV Regression26 results for subsamples of weekdays versus weekends and com-

muter versus leisure routes indicate that the impact of alerts is not uniformly

distributed among cyclists. In fact, the behavioral impact of alerts differs across

people and context of activity. Regression results for weekdays, weekends, com-

muter and leisure routes are reported in Table 5. Shown in Panel B, cycling de-

clines by a statistically significant 12 and 60 percent on weekdays and weekends,

respectively. In addition, when the sample is broken into commuter and leisure

routes, there is statistically significant 18 and 24 percent decrease over commuter

and leisure routes, respectively.

To test the robustness of our commuter and leisure results, once again routes

are categorized into commuter and leisure based on their share of peak hours trips

from the total weekdays trips. Shown in Table 6, using a different criteria to

define a commuter and leisure route indicate that our results are robustness to

their specifications. Doing so, if the peak hour cycling trips share for a route is

higher than 70 percent, it is a commuter route and if it is less than 70 percent, it is

a leisure route.27 Columns (1) and (2) present OLS regression results and Column

(4) and (5) show IV regression results using this specification. Shown in Panel

A, using OLS regression cycling trips decline by a statistically significant 10 and

insignificant 15 percent for commuter and leisure routes, respectively. However,

IV regression results show that the cycling demand fall by statistically significant

22 and 30 percent for commuter and leisure routes, respectively.

Together, these results suggest that accounting for endogenous alerts’ response,

26It is worthwhile to note that for all other IV regressions, bushfire and size are instrumented
for air quality since the F-statistic for excluded instruments suggest that bushfire and size are sta-
tistically stronger instruments for subsample regression, though the results of other instruments
are quite similar to each other.

27These thresholds are selected comparing the hourly patterns of counters with each other.
Shown in Figures 6 and 7, more than 85 percent of trips for a commuter route are during peak
hours while for a typical leisure route shown in Figure 8 this ratio is 68 percent.

22



confounding factors and measurement error, not only are alerts productive over

weekends and leisure routes but their weekend and leisure behavioral impacts are

larger compare to their weekdays and commuters’ impact. This could occur be-

cause of two reasons. First, elasticity of cycling demand with respect to air quality

on weekends is higher than on weekdays. This is due to the fact that during the

weekend cycling is primarily a leisure activity, which can be substituted more easily

since an individual who choose to cycle on weekends as a leisure activity has more

option. Second, cycling on weekdays reflects one commuter-transportation option,

while cyclists on weekends are highly likely to be more health conscious. There-

fore, a weekend cyclist seems to be more responsive to an alert than a weekday

cyclist.

Table 7 shows results for the 2-day model. As presented, when alerts are

issued for two successive days, the behavioral impact of second day alert decline to

statistically insignificant 0 and 8 percent for OLS and IV regression28, respectively.

These results suggest that individuals’ response to alerts is diminishing over time,

indicating that the costs of intertemporally avoiding cycling are increasing as alerts

are prolonged. As expected for 2-day model, the first day response is increased

to 18 and 58 percent for OLS and IV regression, respectively. As argued by

Graff Zivin and Neidell [2009], the estimates of single day model are the average

of alerts’ impact irrespective of former alert condition. Therefore, the estimated

response of an alert in the two successive day alerts must be above the estimated

response of an alert in the single day model.

As argued by Semenza et al. [2008], an effective factor that will induce be-

havioral changes in response to a warning system is the perception of ambient

conditions rather than advisory forecasts. Therefore, if alerts were coupled with

proper ”health and environmental education” which could target individuals’ per-

ception of ambient air quality, not only would alerts produce larger impact, but

also their unintended consequences would be mitigated.

To test the robustness of our approach in controlling confounders, following

Moretti and Neidell [2011], the model is regressed by excluding climate and pollu-

tant factors. As discussed, environmental variables might be a potential source of

28As discussed in the empirical section the second day response is β1 + β12. The significancy
of this coefficient is tested using a joint test of significance.
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confounders and accounting for their effects with proper functional form is one the

main methodological challenges in estimation of pollution cost. Therefore, if our

estimation results do not change by excluding these variables, it can be claimed

that our approach could properly control for the effect of confounding variables.

Table 8 reports the sensitivity of our estimates to weather and pollutant factors.

Column (1) repeats the benchmark estimates. Columns (2) and (3) respectively

exclude pollutants and weather variables. Column (4) excludes both pollutants

and climate factors. The sensitivity assessment results suggest that our approach

is relatively strong in controlling for potential unobserved effects of climate and

pollutant factors since results are unaffected by excluding environmental factors.

To gauge the robustness of our regression results, we also assume a non-linear

relation between air quality and cycling. Table 9 reports estimation results for

quadratic form of the air quality index variable. For IV regression, we also in-

strument for the quadratic form of AQI by bushfire and size. As presented, alert

impacts are all statistically significant, suggesting our estimates are robust to a

non-linear relation between air quality and cycling.

8 Conclusion

Air quality alerts are known as one of the eminent information-based regulations

that aim to enhance air quality across jurisdictions by indirectly pushing individu-

als to take proper action to control sources of pollution and health risks associated

with air pollution. From the public health perspective, an alert program can be

considered as an effective program if it helps individuals (and especially the most

sensitive groups) to avoid exposure.

From a social welfare perspective, alerts are cost effective if individuals do

not substitute emission-related activities for exposure-related activities. In other

words, the net benefit of reduction in pollution exposure should be weighed against

the net loss due to increases in emission-related activities in response to alerts.

Thus, to trigger proper response, air quality information should be coupled with

appropriate incentives to reduce emissions, since air quality policies do not explic-

itly ask individuals to voluntarily limit their vehicular trips.

In order to quantify direct avoidance behavior, this paper analyzes the effect of
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air quality alerts on the individuals’ cycling trips. The cyclists’ response to alerts

can be in the form of using other modes of transportation or deferring the optional

outdoor activity. Using other transportation modes rather than cycling might

lead to an unintentional increase in air pollution. Controlling for unintentional air

pollution increases, environmental confounding factors and measurement errors,

there is a statistically significant 25 percent decrease in cycling trips in response

to ozone alerts. However, if alerts are issued for two successive day, cyclists seem to

neglect the second day alerts, suggesting that the private costs of avoiding cycling

is increasing over time.

As argued by Noonan [2011], we also find that avoidance behavior is not dis-

tributed uniformly across individuals. Our results suggest that there is 18 and 24

percent reduction in the cycling trips over commuter and leisure routes, respec-

tively. Whereas the weekdays and weekends decomposition results suggest that the

avoidance behavior induced by alerts is statistically significant five times larger on

weekends than weekdays. This pattern is logical since individuals are more flexible

to substitute for their leisure activities on weekends. These results are robust to

several sensitivity tests. For instance, our results are clearly insensitive to different

pollutants and weather factor specifications. Excluding for pollution and weather

factors, cycling trips reduce by a statistically significant 16 percent in response to

ozone alerts. This suggests that our instruments strongly control for environmental

confounding factors.

This analysis has the generalizability imitations. In fact, the generalizability

of this result to areas other than Sydney and to activities other than cycling is

unclear.

In terms of policy implications, regulators need to better understand behavioral

response to publicly provided information. The existence of pollution avoidance

behaviors is a positive outcome, though achieving the initial air quality alerts goal,

which is emission reduction, necessitates more incentives in terms of policy design.

In addition, better understanding the dynamics response of alerts can play a signif-

icant role in terms of policy implications. Investigating the individuals’ dynamics

response shows that individuals do not consider the increasing benefits associated

with pollution exposure reduction. In other words, according to Semenza et al.

[2008] due to the limiting individuals’ perception of ambient air pollution, they
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might respond to the alert but not the air quality forecast index. This might lead

them to consider the exposure reduction’s benefit as constant over time. That said,

from social welfare perspective, in order to achieve the initial goals of alert poli-

cies, regulators need to target individuals’ perception. In summary, while alerts’

impact seem not uniformly distributed over time and for leisure and commuter

routes, there is an immediate need for proper ”environment and health education”

coupled with pollution information.
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Table

Table 1: New South Wales Air NEPM Standards

Average period Maximum concentration

Carbon monoxide 8 hours 9.0 (ppm)

Nitrogen dioxide 1 hours 0.12 (ppm)

Photochemical oxidants (as ozone) 1 year 0.03 (ppm)

1 hour 0.10 (ppm)

4 hours 0.08 (ppm)

Sulfur dioxide 1 hour 0.20 (ppm)

1 day 0.08 (ppm)

Lead 1 year 0.50 (µg/m3)

Particles as PM10 1 day 50 (µg/m3)

Particles as PM2.5 1 day 25 (µg/m3)

Source: NSW EPA.
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Table 2: Summary Statistics for May 2008-September 2013

Mean Std. Dev.

Cycling 353.7 474.4

Weekdays 373.0 533.2

Weekends 305.3 270.5

Commuter 614.5 681.7

Leisure 208.7 167.1

Alert Frequency (%) 0.013 0.114

Two Successive Alerts Frequency (%) 0.0038 0.013

Bushfire Frequency (%) 0.027 0.163

Explanatory Variables

Carbon monoxide 1-h (pphm) 0.343 0.170

Ozone 1-h (pphm) 0.031 0.012

Nitrogen dioxide 1-h (pphm) 1.047 0.490

Particles as PM10 1-h (µg/m3) 17.28 7.83

Particles as PM2.5 1-h (µg/m3) 6.21 3.6

Total Daily Solar Exposure (MJ/m2) 16.3 7.6

Precipitation (mm) 0.3 1.7

Maximum temperature (◦C) 22.8 4.9

Daily Average of Air temperature (◦C) 15.2 4.7

Relative Humidity (%) 77.4 13.3

Number of hours of bright sun from sunrise to sunset 7.1 3.8

Wind speed (km/h) 16.1 8.4

Bushfire size (ha) 540.48 355.49

Bushfire distance (km) 947 .4 1352.94

Source: Cycling data obtained from City of Sydney.

Alert and pollutant data collected from the NSW Office of Environment and Heritage.

Weather data collected from Australia Bureau of Meteorology.
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Table 3: OLS Regression Results

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

Total Weekdays Weekends Commuter Leisure

Alert -0.129∗∗∗ -0.148∗∗ -0.0489 -0.0706∗ -0.115

[0.0342] [0.0436] [0.0536] [0.0325] [0.0540]

Controls for Weather Y Y Y Y Y

Controls for Pollution Y Y Y Y Y

Time Fixed Effect Y Y Y Y Y

Cycling Routes Fixed Effect Y Y Y Y Y

Observations 23394 15902 7492 10791 12603

R2 0.270 0.333 0.367 0.400 0.389

Clustered by counters, standard errors in brackets.

∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.
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Table 4: Instrumental Variable Regression Results

(1) (2) (3)

A.First Stage (a)

Bushfire -9.1615 ∗∗∗ -0.37398 -11.26365∗∗∗

[1.6730] [-0.21] [-4.34]

Size - 0.00469∗∗∗ -0.00317∗∗∗

- [0.00096] [0.00088]

Distance - - 0.00441∗∗∗

- - [0.0006]

B.Second Satge (b)

Alert -0.200∗∗∗ -0.250∗∗∗ -0.321∗∗∗

[0.0532] [0.0527] [0.0545]

Controls for Weather Y Y Y

Controls for Pollution Y Y Y

Time Fixed Effect Y Y Y

Cycling Routes Fixed Effect Y Y Y

C. F statistic for Excluded instruments(c) 29.99 18.43 18.95

Wu-Hausman 3.936 17.061 51.632

(P-value) (0.0473) (0.000) (0.000)

Sargan-Hansen 9.036 15.165

(P-value) (0.0026) (0.0005)

Observations 23967 23967 23967

R2 0.183 0.041 -0.281

Note: (a)- Dependent variable is AQI. (b)- Dependent variable is log(cycling).

(c)- The values reported are the Angrist-Pischke multivariate F-statistics (Angrist and Pischke, 2009).

Clustered by counters, standard errors in brackets.

∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.

33



Table 5: IV Regression Results for Weekends vs. Weekdays and Leisure vs.
Commuter routes

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

Weekdays Weekends Commuter Leisure

A.First Stage (a)

Bushfire 0.87051 17.87945 ∗∗∗ 3.42367 6.66152

[2.32536] [4.29358] [2.63918] [2.59575]

Size -0.00421∗∗∗ -0.01596∗ -0.00677 -0.00915

[0.00117] [0.00216] [0.00144] [0.00128]

B. Second Stage (b)

Alert -0.120∗∗∗ -0.609∗∗∗ 0.188∗∗ -0.249∗∗∗

[0.0397] [0.126] [0.0600] [0.0704]

Controls for Weather Y Y Y Y

Controls for Pollution Y Y Y Y

Time Fixed Effect Y Y Y Y

Cycling Routes Fixed Effect Y Y Y Y

C. F-statistic for excluded 13.62 32.34 14.27 26.38

instruments (c)

Wu-Hausman 0.924 43.711 11.609 21.900

(P-value) (0.3364) (0.0000) (0.0007) (0.0000)

Sargan-Hansen 14.348 5.109 4.131 0.993

(P-value) (0.0002) (0.0238) (0.0421) (0.3190)

Observations 15902 7492 10791 12603

R2 0.264 -0.318 0.179 0.236

Notes: (a)- Dependent variable is AQI. (b)- Dependent variable is log(cycling).

(c)- The values reported are the Angrist-Pischke multivariate F-statistics.

Clustered by counters, standard errors in brackets.

∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.
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Table 6: Sensitivity of Commuter and Leisure Routes Results to Their
Specification

(1) (2) (3) (4)
Commuter Leisure Commuter Leisure

OLS OLS IV IV

Alert(a) -0.102∗∗ -0.158 -0.226∗∗∗ -0.300∗

[0.0296] [0.125] [0.0513] [0.135]

Controls for Weather Y Y Y Y
Controls for Pollution Y Y Y Y
Time Fixed Effect Y Y Y Y
Cycling Routes Fixed Effect Y Y Y Y

F statistic for excluded instruments(b) - - 33.29 4.38

Observations 19968 3426 19968 3426
R2 0.280 0.453 0.104 0.232

Notes: (a)- Dependent variable is log(cycling)

(b)- The values reported are the Angrist-Pischke multivariate F-statistics.

Clustered by counters, standard errors in brackets.
∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.
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Table 7: Impact of Two Successive Day Alerts on Cycling Activity

(1) (2)

OLS IV

First day response -0.181∗∗∗ -0.587∗∗∗

[0.0414] [0.134]

Second day response 0.009 -0.084

[0.0756] [0.0074]

Controls for Weather Y Y

Controls for Pollution Y Y

Time Fixed Effect Y Y

Cycling Routes Fixed Effect Y Y

Observations 21631 21631

R2 0.273 -1.944

Notes: Dependent variable is log(cycling).

Lag of AQI is also instrumented by bushfire and size.

Clustered by counters, standard errors in brackets.

∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.
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Table 8: Sensitivity of Results to Weather and Pollution Factors

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

A.OLS(a)

Alert -0.129∗∗∗ -0.129∗∗∗ -0.286∗∗∗ -0.0213

[0.0342] [0.0293] [0.0480] [0.0294]

B.IV Regression(b)

Alert -0.250∗∗∗ -0.227∗∗∗ -0.263∗∗∗ -0.163∗∗

[0.0527] [0.0399] [0.0490] [0.0527]

Controls for Weather Y Y N N

Controls for Pollution Y N Y N

Time Fixed Effect Y Y Y Y

Cycling Routes Fixed Effect Y Y Y Y

F- Statistic for excluded instruments (c) 39.95 176.10 42.67 235.52

Observations 23967 28460 23807 28942

Notes: Dependent variable is log(cycling)

(c)- The values reported are the Angrist-Pischke multivariate F-statistics.

Clustered by counters, standard errors in brackets.

∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.∗
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Table 9: Non-linear Relations Between Air Quality and Cycling

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

OLS OLS IV IV

Alert -0.129∗∗∗ -0.128∗∗ -0.250∗∗∗ -0.184∗∗

[0.0342] [0.0343] [0.0527] [0.0654]

Controls for Weather Y Y Y Y

Controls for Pollution Y Y Y Y

Time Fixed Effect Y Y Y Y

Cycling Routes Fixed Effect Y Y Y Y

Functional Form Linear Quadratic Linear Quadratic

Observation 23394 23394 23394 23394

R2 0.270 0.270 0.041 -0.135

Notes: Dependent variable is log(cycling). Quadratic form of AQI is aslo instrumented

by bushfire and size. We are unable to estimate cubic and quartic form of AQI using IV

regression since our model becomes under-identified.

Clustered by counters, standard errors in brackets.

∗ significant at 10% ∗∗ significant at 5% ∗∗∗ significant at 1%.∗.
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Figure

Figure 1: Cycling, Pollution and Weather, Stations

Notes: The GPS coordinates of Cycling, Pollution and Weather Station are respec-
tively obtained from the city of Sydney, NSW Office of Environment and Heritage
and NSW Bureau of Meteorology.This figure shows all 31 cycling counters while
26 counters are used for our regression.
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Figure 2: Active Bushfires around City of Sydney during 2013
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Figure 3: Cycling Average On Days with Alerts vs. without Alerts

Notes: Each bin shows the average number of cyclists for the specific observed
value of AQI conditional on whether an alert is issued or not. For instance, the
black triangle for the AQI=160 shows that the logarithm of average number of
cyclists were 5.2 when the observed value of AQI was 160 and an alert was issued.
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Figure 4: Average Number of Cyclists Per Day of Week for a Commuter Route

Figure 5: Average Number of Cyclists Per Day of Week for a Leisure Route

Notes: The Sydney cycling network contains 31 counters. This graph is depicted
using first and last counter?s data by getting the average number of cyclists per
day of the weak for the period of May 2008 to September 2013. The counter is
called commuter if the average number of cyclist is higher on weekdays.
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Figure 6: Hourly Pattern of Cycling for a Commuter Route

Figure 7: Hourly Pattern of Cycling for a Leisure Route
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