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Abstract

This paper examines the riskoidance behavisrof households in regmse to environmental
hazardausingthe transboundary haze caused by forest fires in Indonesia as an exogenous shock.
Using a unique panel dataset of hourly water consumption at the household level, monthly
electricity consumption at the building level dadaily hotel performance indices obtained from
multiple sources, 1B study finds significant positive responses in household utilities consuraption
and economic losses in the hotel industry when transboundary haze occurs in Singapore. Th
study offersthree key findings. First, we find evidence from the witthie-day variations and
between the weekdap weekend variations in household water consumptianconfirms the
risk-avoidance responses of households during haze pefedple stay indosto minimize their
exposure tdhe possible health risks caused by the haze pollsitdiiese findings are robust to
numerous specification checks well as tovhen the perceived risk measures obtained from social
media are used. Second, we fitlh@ long-term persistencef household responsesa the high
electricity consumption during the twaoonth haze perigdhowever,electricity consumption
responsesevertto normal after the haze dissipates. Third, the hotel industry suffers significant
losses during & haze period, whicis evidence that could suggest the f&loidanceof foreign
visitors, who are informed of the transboundary haze alerts.

Keywords: Transoundary air pollution, haze, environmental externalities, reskoidance
economic activitiediousehold utilities
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Risk-Avoidance and Environmental Hazard: Effects of Transboundary Haze Pollution in
Singapore

1. Introduction

Open burningerformed byirresponsiblecompaniedo clearforess for agricultual purposedas
beena main cause othe massivewildfires seenin some countrieddowever, vhile theburning
related aipollutionis mostly caused by local sources of emissjonatainng pollutants generated
by forest fires, such as dust, haze, smakel toxic gses, within the source regimdifficult. The
prevailing winds canblow the airborne pollutants to faraway aregising rise to transboundary
air pollution.

The recent episodes of forest fires in Indonesidctober 2015 generated intense haze that
shrouekd not onlythe skies of Indonesibut alsothoseof its closest neighbors§ingapore and
Malaysia. Based on the sources cited by the Wall Street Jduhealndonesian government alone
incurred an estimaed US$14 billionin hazerelated economic lossesnvironmental damage,
health expenses, and business loddédsreover, Singapore is periodically affected by severe
smoke haze from forest firés the neighboring Indonesida.he haze crisis not onlyadadverse
economic consequencks thelndonesia econony but alsocaused significant negative external
consequenceis its neighboring countries. The high concentragiohpollutants, especiallthat

of the suspended particulate matter (PM), increase atgpprelated illnesseswhile the poor
visibility of hazeclouded skies can causethe grounding of flights.Further, he Ministry of
Education of Singapore closed schools and rescheduled school examinations as mitigating
measure$o prevenhazerelated lealth risks’

While prior researcthasmainly focuse on theissues of air pollution in thgS, limited studies

have beerconductedin other countriesespecially in Southeast Asia, whehe air pollution

caused by forest fires has become rampant iantegears (Jayachandran, 2009; Rosales and
Triyana, 2016). This paper extends the existing literature by addressing the issue of transboundary
air pollution in Southeast Asia. Our study uses the haze afigedonesia as random exogenous
shocks to set up natural experiment to assess the direct impact of air pollutidheodaily
activities oflocal households. We use a uniqdatsset d household utilities consumption to
rigorously testhe environmental externalities atloe risk-avoidance behavior afrban dwellers.

The major challenge facing many studies on urban environmental risks isgfiwdys to
disentanglethe endogenous relationships between air pollution and human activities. The two
events are highly correlated with coincident weatherditimms, seasonal trends, and local
economic activitied.Instrumentsncluding theboat arrivals at the Port of Los Angeles (Moretti
and Neidell, 2011andthe Clean Air Act Amendments (Greenstone, 2002; Chay and Greenstone,

1 A press release was issued on September 24, 2015 by the MOE of Singapore kindErggrtensprimary,
secondary andpecialeducationschools onSeptembeP5, 2015.

Source: fAiThe number s: I ndonesi ads Hazeodo, the Wall Str
3 Another unofficial sourcestimated the costs associated withd o n e s i evéntsto bheaag leighas US$47
billion. (Source: Francis Chan, fA$47b? I ndonesia coun

4 Graff Zivin and Neidell (2013) providecomprehensive review of the environmental risk impachuman health
and Deschenes (2012) reviews the literature that relates human health outcomes to temperature and temperature
extreme adaptions.



2003; Bento, Freedmamnd Lang, 2015) have been used in environmatated studies to
simulate exogenous shocks. The transboundary haze events in Indonesia, which are likely to
generate unanticipated negative and immediate reversal effects on human activities, are used as
exogenoussocks in our natural experimental stidjhe exogenous haze shodenerated by

forest fires in Indonesia are captured by thén@dr Pollutant Standard Index (PSI). The National
Environment Agency (NEA) in Singapore provides thehddr PSI readings, amourly measure

over a rolling 24hour period, between January 1, 2012 and December 31, 2015. The fluctuations
are independent of local economic activities and seasonal changese batrelated with the

forest fires in neighboring Indonesia. To contrai bther weather e¢ounders, wealso collect
weather data from The Weather Company (on an hoorgyval) and Meteorological Service
Singapore (on a monthly interval).

Our empirical strategy exploiteerandom and higlirequency fluctuations in ambitair quality
during the haze periods and testhether the haze shocks significantly influence daily human
activities and rislavoidance behavior. We merge several unique datasets, which itslode
datasetson household utily consumption (aain hourly and monthly frequency) ansheon the
daily hotel performance in Singapote characterize the relationshipetween air pollution and
human activities.

There are three key findingom our analyses. First, based onraque dataset provided by the
Singapore Public Utilities Board (PUB), which contains detailed informatfahe hourly water
consumption of 376 households from January 1, 2012 to December 31, 2014, we find that a 100%
increase in the hourly 2dour PSI reading is associated with an avenagter consumption
increase of 5.1%. Based on the evideinom thesameday(daytime versus nighttime effectd
sameweek variations (weekday versus weekend effettspusehold water consumption, we also

find that hazeeventsincrease water consunimb significantly on weekday nights and weekends.

The results support not only the positive haze effects on water consurbptialsg mae
importantly, the positive resporsef weekdaynight and weekenday water consumption,
implying that households kia reduced thie exposure taair-pollution risks by staying indos

during weekday nights and weekend days. The results suppgrtebence ofisk-avoidance
behavios of householdandremain robust after controlling for various confoungders c h as fAbad
weather conditiomandpeakhour and offpeakhour consumptia® In our heterogeneity tests, we

find that waterconsumption responses vamith race,such thaMalay households show stronger
consumption responses relativethose ofChinese and IndianduseholdsWe also use detailed

data from a sociaediawebsite (Twitter) to study the emotional and sentintesponsesof
households during the haze pericaisd their effectson household utilt consumption. Our
findings affirm that the negative semintrelated tohaze could significantly predict increases in
water consumption.

5 A temporary and exogenous shock is similar to the mechanisms widely used in behavioral experiments. For
example, using the twaveek shutdown of the US Federal Government in 2013 to examine a temporary and
exogenous liquidity shock in a differenoedifferences setup, Gelman et al. (2016) eddhe consumption
responses dffected employeesnd bundthat most households have mechanisms to smooth consumption to cope
with income and liquidity shocks.

6 Bayer et al. (2009) and Smith and Huang (1995) argue
risk, rather than objective risk. Reived riskconsidersthe emotios and sentiments of an individuabsily
influenced by information on social media, suciagtter.
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The second finding preserddonger period (monthlydf householdesponse$o hazeand their
effects on electrity usage. Based on the monthly electricity data fothallpublic and private
residential buildings (based on 15,315 unique postal épiteSingapore for the period of January
2013 to December 2014s collected from the Energy Market Authority (EMA), our analysis
revealsa statistically significant positivempact of the monthly average-Béur PSI readings on
household electricity consumption. A 100% increase in the monthly averdgriP®SI reading

is associated with an averagjectricity consumptiomcrease 0£.34%. Our dynamic analysis of
the longterm airpollution effects shows significadgt longer persistenceof electricity
consumption behavior than watesnsumption behavior. While the households revert tmattieir
original waterconsumption behaviors one week after experienaisigortterm hae shock, the
long-term haze episodes, which last for two months, impact the houssaacidcityconsumption
habits, causing electricity consumption levels to continue rishegthe two months following the
long-term shocks.

Third, we use the dailyada d the hotel room prices and occupancy rdresn a large sample of
hotels in Singaporé&rom the hotel data company Smith Travel Research (STR) as proxies of
economic outcomes. We show that when thedmeagged and daily averagief the 24-hour
PSlreadings double, the average daily hotel room rates decline by 1.99% andreggéctively,
across the hotels by class segment. Moreover, the haze ostbigaikicantly influence hotel
room demand. In particular, we findat he haze measureentsdo ot affect the hotel occupancy
levels of the same daydue tothe cancellation penalty thas in place atmost hotelsHowever,
hotel demand is significantly affected by the lagged haze measuids thatthe coefficients
remaineconomically and statistittg significantfor up toasix-daylag. The results imply that the
risk-avoidance behavior is not only obsenmdocal residentbut alsoby foreigners who avoid
visits to Singapore during the haze periods to lower their-fedated health risks.

This study presents the estimated economic costs associated with the transboundamy haze
Singapore. Following the traditionahanner of assessing environmental externalities and
providing a lower bound of the estimated coststt@fseenvironmental externiles (Bento,

Freedman, and Lang, 2015; Currie et al., 2015; Chang, Zivin, Grag&Neidell, 2016), the back
of-the-envelope estimations show thaiena heavyhaze shock occuishe 24hour PSI reading

increass from 60 to 300 and persssfor one month similar to the haze event in 2015),
Singaporean household water spending increases by $12.99 million, and electricity spending
increases by®lL.67million, whilet he r evenues of Singaporebds hot e
This study demonstratesmportant policy implications for the governmentslated tothe

importance of international collaborat&in the prevention and mitigation of forest 8i@nd haze.

Moreover, his paper makes three contributions to environmental aybhirtion literatue. First,

this is the first attempb find significant evidence of the transboundarypoiution effects on

daily human activities in Southeast Asia. Unlike the earlier studies that use local or regional
sources of pollution emissions as exogenous s)dhk haze used in our natural experiment was
emittedby Indonesia forest fires and traveled across the u n badgrtosloudSi ngapor eds
skies creatinga clean and exogenous instrument (shock). We do not need to explicitly control for

the confounchg effects associated with local economic activities (Moretti and Neidell, 26y11)

sorting by residents (Chay and Greenstone, 2003a, 2003b, 2005) and firms (Greenstone, 2002).

7 In Singapore, every buildinig givena unique postal code.
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Furthermore, the tropical climaeof Singapore and Indonesia reduce the effeaft extreme
seasonal and intlaytemperatureariations that magffectthe causagffectsof the transboundary
haze in Indonesia on human daily activitiesingthe tests.

Second, we present new evidence of hwsdan ravogldnce behavior in response the
transboundary haze pollution using witlire-day (daytime and nighttimeand betweeithe-day
(weekdayandweekend) variationsf their utilities consumption. When the haze leaslindicated

by the 24hour PSI readinggeachesan unhealthy rangeye observe avoidance and mitigation
behavios. People reducé¢heir exposure to haze risks by staying at home more after working on
weekdayshy avoiding outdoor family outings on weekenshenhaze readings reach alarming
levels, andby consuning more waér and electricityafter outdoor activities whefollowing
government advisories. The evidence offtbaseholdisk-avoidance and mitigation behasas
intuitively and consistently reflected ihehousehold water consumpt®nvhicharesignificantly

higher on weekday nights and weekend days. The same evidence is also found in tiye month
electricity consumptiosiduring haze periods. We find that households continue to inctiesise
electricity consumptioffior as long aswo months after the haze clsairhird, the transboundary
haze has caused significant economictos§S i ngapor e 6 s havdidencebehavisr The
of foreign visitorsarereflected by the significant declisa the daily room prices and occupancy
rates, as foreign visiteare more likely to stay away from hagarouded skies Singapore.

The remainder of ik paperis as follows. Section 2 reviews the related empirical literature. Section

3 provides some background the transboundary hatleatocarsin Singapore anthe actions

taken by the government to mitigdkehealth risks of h e residengsoSection 4 describes the

data sources and descriptive statistics. Section 5 discusses our identification strategy, econometric
methodologyand testable hypotheses foe ttiskavoidance behavior. Section 6 presents the main
empirical results, which includbosefrom the heterogeneous, robustness, and falsification tests.
Section 7 presents the empirical results using the monthly electricity consumption and daily hotel
performance indices as altereaiutcomes a generalestimation ofthe welfare costs associated

with the transboundary air pollution is also includeéaally, Section 9 concludes the study.

2. Past Studies of Environmental Risks and Avoidance Behavisr

Air pollution and its impaston climate change have become major global coscéhe literature
has increasingly linked air pollution to maaf/the catastrophic eventsf recent times. Rosales
and Triyana (2016) show that the massive foress firedndoneg in 1997 hd persisteh and
negative health impasbn Indonesian children residing in both urban and rural amdshathe
children in urban areas with better access to health care services were equally vulnerable to
pollution from forest fires. Studs in the US have shown alarming evidencehef negative
impacs of air pollution on infant health. Chay and Greenstone (2003) shovepipabximately
1,300 fewer infants died in 1972 than would hawthoutthe Clean Air Act Amendments 1970.
This work also show thatthe 1% decline inthe total PMs could haveresuledin a 0.5% decline
of theinfant mortality rate between 1970 and 1972; a lower figuesDo835% declinef theinfant
mortality rate was estimatdaly a separate studyom Chay and Greestone (2003jor between
1980 and 1982n addition to the effects of a reduction BiMs reductiors of other pollutants,
such as carbon monoxide (CO) (Curniel &Neidell, 2005) and nitrogen oxide (IW@Deschenes,



Greenstone, and Shapiro, 2012), could aésluce thenortalityrate® The sudy of environmental
risksand human health outcosteaspredominantliybeen found in health science literature. Many
health science studies the effecs of PMs have shown that the absorption of certain chemicals
can increase pulmonary cancer and hyperactivity in children (Coffin and Stokinger; 1977
Goldsmith and Friberg, 197./oor air conditionkavealsobeenfound to increasthehealth risks

of other wildlife species over the past two deca@ddsmith and Fribey, 1977;Patz, 2002Bell

et al., 2011De Sario et al., 2013).

While a large body of literature links air pollution to poor health outco@eklémith and Friberg,
1977; Dockery et al. 1993; Friemand et al2001; Patz, 2002; Pope et,&002; Chay ath
Greenstone, 2003a, 2003b; Bell ef 2004; Currie and Neidell, 2005; Moretti and Neidell, 2011;
De Sario et a).2013), theempirical evidencefdhuman behavioral responses tootlution risks

is still relatively scattergdpartially dueto the scasity of microdata and the difficulty of finding
naturalexperimental settingthat allow for the identification ofhe endogenous effecof air
pollution on human activities.

Indoor air quality is considerabhetterthan outdoor air qualityallowing heredudion of human
exposure to aipollution risks (Chang et al., 2000). The exposure to pollution is endogenous, and
individuals can respond to ambient pollution levels by redutiegtime spent outdoors (Neidell,
2009). Ths avoidance behavior isapticularly common among individuals who are susceptible to

air pollution (Janke, 2014). Some empirical studies have found evidence of tHawaidknce
behavios of individuals who take various preemptive steps to minintfegr exposure to
environmentalrisks by staying indoors (Graff Zivin and Neidell, 2009; Neidell, 2009). Some
individuals change consumption preferences, such as reducing canned fish consumption
(Shimshack, Wardand Beatty, 2007) and drinking bottled water (Graff Zivin, Neidatd
Sdhlenker, 2011) in response to environnagnisk alerts.

Neidell (2009) showd that informationon environmental risks, such as smog alerts, could have
significant and negative impaain the attendance ratef two major outdoor facilities in Southern
Cdifornia: the Los Angeles Zoo and Griffith Park Observatory. The results imply that individuals
take preemptivestepsto reduce their exposure to health risks, and-aiakidance behavior is a
source of endogenous biagich, if not properly accountefibr, canlead tothe overestimation of

the health impastof air pollution. The riskavoidance behaviowas also found by Agarwal,
Rengarajan, Singnd Vollmer (2016) in their empirical tests of the effects of noise pollution from
construction activities omesidential electricity consumption in Singapore. They show that the
electricity consumption of households living close to the construction isiteeased by 6%
compared to those wheerenot affected by the construction activities.

Recent studies hayovided new economic evidencktbe effecs of exogenous air pollution on
labor productivity in the agricultural, industrial, and service sectors, suggesting tpali@iion

controls generate a sizable fraction of total welfare benefits (Evans ai$ J4881; Greenstone,
2002; Deschenes and Greenstone, 2011; Desch@resnstonand Shapiro, 2012; Graff Zivin

8 Currie and Neidell (2005) #émated that the reduction in CO that occurrgringthe 1990s saved approximately
1,000 infant lives in California. Deschenes, Greenstone, and Shapiro (2012) show that the imposition of a NOx
emission cap through the NOx Budget Trading Program aedlace the summer mortality rate in the US by 0.5%,
or about 2,200 fewer premature deaths per summer, mainly among individuals aged 75 and older.
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and Neidell, 2012; Bento, Freedmamad Lang, 2015; Chang, Graff Zivin, Grgsend Neidell,

2016; Heyes, Saberigand Neidell, 2016). Usindata & the productivity of agricultural workers,

Graff Zivin and Neidell (2012) shosd that a 1@partsperbillion drop in ozone concentration

results in a significant 5.5% increasetie productivity of agricultural workers. Chang, Graff

Zivin, Gross and Neidell (2016), however, shed that outdoor air pollution could penetrate

indoors and influence the productivity of indoor workers in a-peaking factory in Northern
California. The study shosdthatan increaseaf 0 mi cr ogr ams pé&inPkkyg bi ¢ me
could reduce labor productivity, which is estimatedeapproximately 6% ofheaverage hourly

earnings. Tls negative relationship is reversed whentheBPMh r e s ho |l d e3Heyes ds 15
Saberian and Neidell (2016) exteret this research to hidig skilled workers and shoed a

negative link between siday PM s variations and S&P500 movements.

The topics of air pollution and its detrimental effects on physical and mental lieadbosystem,
andlabor productivity have started to attract attention in economic literature in recentGresfs.
Zivin and Neidell (2013) provide a comprehensresiew of the economic inquiries into the
subject, organing the studies neatly into three themes: contetndon, exposure, and dese
response. Contamination refers to emission sodraed transmission magtns, which are
important in empirical desigrbecause the concentration and deposition pattertiestlected

air pollutiors help to identify the causalt between pollution and health outcomégimans
naturally respondo environmental risk information by reducing their exposure to the risk. Th
risk-avoidance behavior, if unaccounted for, could create a biased estimation of the environmental
impact. Thenorntlinear doseaesponse effects cause discontinuity in human responses to
environmental risks. Controlling fahe confounders from local economic activities and other
environmental variables thereforeessential to avoid spurious outcomes. Desch@td?) also
provides another comprehensive surveyhefliterature covering the issues of health outcomes,
temperature variationand adaptiosito extreme temperature.

There are two significant gaps in the literatthvat this study aims to fill. Firstwhile previous
research invariably focuses on the economic and physical health aspects of human behavior in
presence adir pollution few studies correlate ambient pollutant fluctuations with daily activities
and riskavoidance usinglata & househ@ utility consumptios. We use a unique set of ulit
consumption data to show evidence of the-askidance behavior of households in response to
air-pollution risks. Households choose to stay indoomrvoid exposurt high concentrationof
PMsin polluted outdoor aienvironmentsSecond, our study finds a randomized and exogenous
shockof air pollution and controls for other confoundengch asveather conditiomand seasonal
temperature, whichave beena challengédor previous studies. While s@e past studies use policy
changes, such as the Clean Air Act Amendments in the US (Greenstone, 2002; Chay and
Greenstone, 2003; Bento, FreedmemjLang, 2015), others use temporal variations in the levels
of different pollutants, such dstal suspected articulates TSP9 (Chay andGreenstone, 2003),
ozone (Q) (Currie and Neidell, 2005; Graff Zivin andeMell, 2012; Chang, Graff Zivin, Gross
and Neidell, 2016), NOx (Deschenes, Greenstone, and Shapiro, 2012heayehrto-year
changes in temperature (Deschenes and Greensfidtie,Reschenes, 20129 set up exogenous
shocks to test fahe environmental effects on human health outcoare activities.

9 Moretti and Neidell (2011) shothat boats from countries with less stringent environmental regulatotrsite
over 20% ofthe NOx emissions in the Los Angeles arelaen theyarrive inthe port of Los Angeles.
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We use the transboundary haze in Singapore caused by the forest fires in Indonesia as the
exogenous shock in our naturatperimental designIn Singapore, most of the polluted oll
refineiiesand petrochemicalare confinedo Jurong Island, a reclaimed island to the west of the
mainisland. A set of stringent industrial emission standards and guidelines has also been strictly
enforced by the governmenta its industry agencythe JTC CorporationMoreover,generous
provisionsfor green bufferdave been providedy t he governmentds wur ban
t he Urban Redevel opment Aityinhhe gaderoy p(lUaRhAN)i,n gasvip
These are amortgepolicies that have been put in place by the government teersastainable

living environment, which is clear of industrial pollution. Therefore, Singapore offers an ideal
environment tadentify the clea effects of air pollution in our natural experimeatter all, the
transboundary haze shock is random and exogesmtise shocks purely caused by the forest

fires on the neighboring Indonesian islands. The high concentration ofsP@llutants in
Singapoe 6 s skies i s i ndepesactdikes.t of t he | ocal I ndtu

3. Background of Forest Fires in Indonesia and Haze Alerts in Singapore

It has been common practice for many ydarsarmers and agricultural landowners in Saast
Asiato use open burning ascheapbut illegal way of clearingorestlanddor agricultural uses,
such ador oil palm plantations. In Indonesia, some peatlands, whictvaierloggedands filled

with decompommg forest debris, decayg organsms and vegetation, have been desnand
cleared for oil palm plantations avell asother uses. Drained peatlands are highly susceptible to
fires, andwhensuch firesoccur,theyare difficult toextinguish especially during the dry Eifio
seasons. The smoldering fires occur not jughensurface of peatlands, but permeate up to three
meters underneath time'® Aerial water bombindrom planes whichis widely used t@xtinguish
surface flams, is less effectivein peatland fires that occur deep beneath the surface. The
smoldering peatlad fires @n quicklyspread to a large area, ahe fires underneatkthe ground
canresurface and flare wdtera short timecausing extended perisdf haze that persist for days

or weeks.

The @mbustion of carbonich matter in peatlands anke buming of matured trees in monsoon
foress produce plenty of toxic pollutants, such as2MCO, and sulfur dioxide. The toxic ges
emittedas well as thashes, dust, and smoke resuthiaclimate phenomenon commonly referred
to as hazeContairing hazewithin the source locatioris difficult. Pollutants, smoke, and dust in
the haze could be easily transmitter prevailing windsthat transversehe geographical
boundaies of neighboring countries. The haze causes irritation to eyesvhadinhaled fo a
prolonged period of timegan have harmful and damaging lotgyrm effectson the lung and
respiratory systesof humars.

In recent years, recurring peatland and forest fires have been theana@of haze problers)
which reduces the visibilityf the skies of Indonesia arkde neighboring countries of Malaysia
and Singapore. Singapore has been affected alamostallyby severe smoke haze from forest
fires occurring inmanyareas inndonesia. Singapore was worst hit by the recent smoketihaize
occurredin October 2015, when the hourly PSI reagihg a record high of approximately 471
(NEA Singapore, 2016). Two senidiplomatsmade the following comments &local newspaper:

o Tan, T ahmazeNsebiggest @nvironment crime' of 21stcently The New Paper, November
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fiOnce again, the forests of Kalimantan, South Sumatra and pariswé&fe on fire.

The fires are destroying Indonesia's forests, rich biological diversity and natural
heritage. The fires are also endangering the health of Indonesians, Malaysians and
Singaporeans. The people most affected by the haze are Indonesiagsinivin
Kalimantan and South Sumatra.

The haze is causing economic loss to the three countries. The fires are also causing
harm to the world because of the carbon emitted into the atmospfiere.

Severe haze affects many aspects of urbariflndonesiathe country that is the source of these
emissiors, hazecostsmillions in economic lossesied to trying to extinguishthe forest and
peatland firesThe effectsof the hazealso spill overinto thec o u n two gl@ssst neighbors
(Malaysia and Singaporgyenerating negative externalities in termgataf drops in hotel room
demand, flight cancellations, and school closulflesnabated, e raze problem could impede
industrial development and economic growth (Brandt and Rawski, 2008). For urban redidents, t
prolonged exposure to haze coalgohave serious health and social impacts, which indllness
anddeath.

Daily activities are likely to be interrupted during the haze periods. The goverrthrengh its
NEA,'?> makes haze pollution informationeftly available to the public. The NEA reports and
disseminatesne, three, and24-hour PSI readings on a regular basis to inform residdrag o
quality via mass media, such as television, rati® Internetand mobile applications. The PSl is
a compaite measure dheconcentrations of multiple pollutants, which include particulate matter
(PMyo), fine particulate matter (PM), sulfur dioxide (S@), nitrogen dioxide (N@), Os, and CO"

The PSI readingprovide amoreaccurate and comprehensive measid air pollution thaa single
pollutant readingloes For eas ofreference, the NEA also provides five different PSI descriptors
to indicate the levslof pollution risks based on the PSI measufes

T This was extracted from an opinion pThekdaze, ifttrnationahvi t at i
law and global cooperatiagn®d on Oct ProfessoR2 R layakumér,ythe Chairman of the International
Advisory Panel, and Professor Tomidoh, the Chairman of the Government Board, The Centre for International
Law, National University of Singapore.

2ZA statutory body of the Si ndoapgotecis thasengronment frormgoliution,t hat i
maintainng a high levelof public health andoroviding timely meteorological informationThis agencyis
responsibldor providing timely haze alerts and advisories to help houseladas$ with the transboundary haze
risks and shocks in Singapore.

B PMgsis the most hazardous pollutant, which, if inhaled deep into the lungs, could enter into the bloodstream and
cause complications to the respiratory and cardiovascular systems (Chang et al., 2016).

14 Sourcehttp://www.haze.gov.sg
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PSI Value PSI Descriptor
0-50 Good
51-100 Moderate
101-200 Unhealthy
201-300 Very unhealthy
Above 300 Hazardous

Onthe days when the PSI legelrein anunhealthy range, the NEA will update the PSI readings
every hour and issue haze alerts to all residents to advise them to tfeeiuegposureto the
pollutionoutdoos. The NEAOGs advisories t qincludingtowearnt s
masks, longsleeved shirtsand pants when they are outsitkedrink more water to flush out any
toxins absorbed through their skin and lunggs was their hands and fase and toshower
immediately after outdoor activities. Social meslig@s such agacebookTwitter,andInstagram,

are informa but populaychannels used by people to share hat&ted information. We collect
reattime tweets andnalyze the frequency and context to provide an alternative measutesof
human perceptions of air pollution.

During airpollution events, some households may adopt a passive apphumgchg that the
government will implement swifstepsto stopthe haze and smoke from forest firdsowever,
other householdtake more proactive approaebby taking steps to mitigate the impscf air
pollution on their healthindividuals who stay indoors are more likely to shut their doors and
windows to keepthe haze and pollutants out of their houses. In Singapeherea t ypi c al
temperatures approximately 8 degrees Celsiuand showdittle variation, householdthatkeep
their windows and doors shut are likely to turn on fans, air conditioaedgor ai purifiers to
maintain a comfortable indoor environment that is clear of hazardous pollutants.

Stayingindoorsinstead ofjoingoutdoosis a form of riskavoidance that can be taken by residents
to minimizetheir exposure to outdoor pollution. Duringet haze periods, individuals who spend
longer periodindoorswith their windows and doors closed aheirair conditioneson are likely

to use more electricitgndto use more water in cleaning, shoingr and washing clothes as well
asin cooking at hane,sincethe number of individuals eating astreducedduring haze periods.
Therefore, we hypothesize that household yt{liioth electricity and water) consumptsare
positively correlated with the amowrdf time spentindoors

Our study is desited to examingvhetherindividuals change their usual daily activities and stay
indoors outsideof school and working hours on weekdays and duringworking weekends.
Risk-avoidancebehavior an be identified from the household utlitonsumptiorfor the days
Awi t ho and @iwi t hovatheédifferengdn-diffesence framewbrk. Bytusing the
matched hourly household utjlitconsumption and pollution data, we empirically test the
underlying mechanisms driving the avoidance behawbindividuals who are exposed to and
informed of the haze pollution events. The testable hypotheses are defined in Section 5.
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4. Data Sources

For the purposes of testing the effects of air pollution on the daily life of urban popsjlat®n
need tdothidentify theappropriate outcome variables to measure changes in individual behavior
and find comparable pollution indicators tlaae availablewith the same frequency. We collect
data from multiple sourcebut the dataan be grouped inttwo broad categoriesiutcomes of
human activities and measur#sambient conditions

4.1. Outcomes of Daily Human Activities
a. Household Wate€Consumption Data

We obtain a unique dataset containinghourly waterconsumption records of a random sample

of 376 houseblds from public housing flatf r om Si ngapored6s water ag
public housing households were randomly selected in the automatedreaetieig experiment,

such that theeattime water meter readings of these househweleierecorded and coltged for

a 36month period (26,304 hours) between January 2012 and December 2014. The panel data
contains 8,537,868 observations. For each sample household, we have infoabatittheir

hourly water consumptiomthnicity, ancthe floor level of the urti In total, the sample includes

314 (83.5%) Chinese households, 38 (10.1%) Malay households, and 24 (6.4%) Indian hquseholds

a compositionthat closely mirrors theoverallradal composi ti on of ti8i ngapo
populationt® The richness of the higfrequency watereading data ovethis long time period

gives us the flexibility to exploit the variations in the consumption patterns witaotay, within

theweek, and withinthemonth (with different weather conditions) in our analyses.

b. Electricity Consumption Data

We collecedthe average monthly electricity consumption data in kWh at the building level (where

each building is identified by a unique postal code in Singapore) for all public and private
residential buildings in Singapore fdret period between January 2013 and December 2015. The

data are provided by the EMA in Singaparelconsist 0f469,808building-month observations.

Figure 1 shows the distribution of residential buildings across the j"dapdrimposed with the
demarcatia of the five NEA airquality reporting regions (north, south, east, west, and central
Singapore). We usthieAr c GI' S t ool to sort the buildings b
air-quality monitoring regiosa We aggregate the average monthly ele¢yriconsumption of the

four different dwelling types dnétwo-, three, four-, and five-room/executive) to derive the
building-month panel electricity consumpticiata

[Insert Figure 1 about here]

15 Public housing flats are built and sold by the governmiemtugh its public housing agenaye Housing and
Development Board (HDB), at subsidized prices. Public housisgld only to Singaporean citizens who meet a
set of hcome and familyrelated eligibility criteria.

1 Theethnicdistributonof Si ngaporedés residence population is e
I ndian: 9.1%, based on t he0lbepartment of Statistic
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C. Hotel Performance Data

We collect daily hotel perfmance data, which includ@otel room rateand occupancy rasef

a sample of 33,472 hotel rooms in 204% an alternative outcome measure to assessonomic

losses associated with environmental externalities in Singapore. The hotel room sanapiles acc
for approximately 8.8% of the hotel rooms in Singapore as of June 30, 2016. The daily hotel
performance indices are obtained from STR, a data analytics company that tracks hotel
performance in Singapore. The hotels are sorted by class segmekipper Midscale, Midscale,

and Economyas well ady geographic area into Marina Bay, Sentosa, Orchard, and River Valley.
Further,73% of the sample hotel rooms are located incir@ral region of Singapore. Hotels
located outside of theentralregion areexcludedrom the sample due tiheunavailability of data.

4.2. \Weather and Haze Data
a. 24-Hour PSI Readings

There are five air pollution and weather monitoring stations located in the north, south, east, west,
and central regions of Singapdhatprovide updated information on air pollution. Thet&sur

PSI valueprovides an hourly indication of the air quality by averagitige data collectedverthe

past 24 hours. We plot the-Pbur PSI readings from January 2012 to December 2015 in Figure
2. For the period prior to August 24, 2012, thehdtir PSI readingaererecordedonly once per

day, whereasa more regular reporting of three-Bur PSI readings are availalger dayfor the
period from August 24, 2012 to June 20, 2013. We use a limespolation method taddress

the missing observationand this approach may reduce the precision of the pollution measures.
We explore different methods, which include using two different subsample [Eetedseen
August 24, 2012 and December 31, 2@hd between June 20, 2013, and December 3152014
and aggregating the hourly PSI and watensumption records inttheir daily frequences as
robustness tests.

[Insert Figure 2 about here]
b. Weather Information and Haze Indicator

Poor weather conditios could be possible ofounders ofthe influence ofair pollution in
househol ds & ddoors T iresolvestls potentia éndogeneity issue, we collect the
hourly weather data from The Weather @smmpany,
The data are retrieved from two weather stations located in the nogtimeagion of Singapore

(Seletar and Paya Lebdoy the period from January 2012 to December 2015.

The data contain hourly information on temperature, dew point, humidagsyre, visibility, wind
direction, and wind speed. The data also include 18 weather keywords used to theliwatther
statusof eachhour. Based ontlsek e y wor d s, vBadWeatheyadicatortwhieh hds a
value of 1lwhenthe hourly weatheratt us cont ai ns t he ,0k efiynweoarvdys roafi
shower® fAheavy t hun e ritsrtaa rninssiheohwdenasaa md o tmhunder s
and raind amnwhentOhe keywor dso iflcil mhdté | iaihme ad ai Ini ghhto w
thunderstorm and raid0 A most oy Niolvveudpattdyhaecdiemdy Ascatt e
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cloudso The weather status |i-reldtedkeyioods,svhich arsusedtoont ai
measure the severity folbazzehd hbheaey hlohaughty HWba
indicatos canbe used aa supplement to the 2dour PSI reading.

The data also contain a variable that measures visibility, based on the digtahth an object

or light can be detected. The visibility is measured in a range frml0, wherd indicates no
visibility and 10 indicates very clear visibility. Visibility is affected by particles and gases in the
atmosphere thatbsorb and degctlight. Figure3 plots the daily visibility levedand haze states

from 2012 to 2015.

[Insert Figure3 about here]

In addition, we collect higiesolution daily weather recordsom various weather stations in
Singapore fronthe NEA. Figure 1 illustrates the geographic locations of the weather stations.
Thirty-nineweather stations (yellowircle) located in different subzones collect daily rainfall and
temperature records, and 13 weather stations (black star) report wind data. The daily weather data
is further aggregated into monthly frequierscWe use ArcGIS to locate the weather statiosest

to each residential building and collect the temperature, rainfall, and wind data from the nearest
weather stations. Other islamdde weather measures, such as monthly averajeright
sunshine hours and relative humidity, are also collected.

c. Social Media (Twitter) Data

The perception of air pollution by househol ds
represergan objective measure of the severity of haze pollution. To measure the percepts/e view

and feeihgstowardthehaze rigs, we collect social media data from the Twitter accounts of public
userswho werebasedm Singapore for the period from January 1, 2012 to December 31, 2015.
Private users6 Twitter ac,thosuareexsludadrfrem tlstudy. o p e n
We analyze several aspects of social media activitiekiding tweet activities, tweet responses,

and emotional states. Based on the hafmted keywords in the Twittedatg three types of
activities a0 efBryYiomeamde MiHERZdeh 2 80 i s represent
keywor dg: fniphNBERAS fAopsand ASIi n@dE&Emorn e ohamrat 06 i ncl
keywordsof i f o,0 e 6§, | i @m0 ke d.oFNdlly,fiMrleal t ho i ncl wdes th
Aastofima @athm e s, nFpoa t aorrdy.0fl ma s k

We measure the total number of tweets that contain the above keywords per hour and their
responsedor instancewe includethe number of likes and forwarddsing the sentiment analysis
technique!’ we analyze the contents of the tvgeahd assign each tweet an emotion score ranging
from -1 to 1. An emotion score ei in a Twitter post indicates the strongest negative emotion,
while a score of 1 indicates the strongest positive emadiscore of O indicates a neutral feeling.
Figure4 shows the daily tweets generated by Singapore users during the major haze episodes.

17 The technigae has also been used by the Living Analytics Research Center, at Singapore Management University
(2014) to analyze peopleds subjective respPalaneer,s t o t h
Living Analytics Research Center, Singaporaridgement University, 2014. Web. 17 July 2016.
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Figure 5 shows the proportion of tweets with negative emdatipasted every monthyhich
accountfor as much as orehird of all hazerelated tweets durintine peakhazehours.

[Insert Figure4 about here]

[Insert Figureb about here]

5.  Empirical Methodology and Strategy

5.1. ldentifying Haze Episodes

The continuous hourly 2dour PSI readingjare the most direct way of measuring the haze
intensity as thee measurenmés areless volatilethanthe spot hourly PSI readingr{iehour PSI

reading, whichwerereportedonly after 2017) because the-Bdur reading is an hourly measure

overa rolling 24hour period. Therefore, our sample of hourly haze measemtsioes not cotain
observations greater than 300, which is consi

We conducanempirical analysis onrehourly,adaily and a monthlyasis. Since the 2dour PSI
reading atL2 amis the average of the past 24 hours, we use thig @@ the daily averageéurther,

we convert the daily averadeSI readinginto the monthly average¢o performananalysisof the
monthly water and electricity consumption data. During the study period, the extreme haze
episodes lasd only for a few daysandthe averaging methogasused to compute the average
monthly PSI reading) whichcould have caused significant smoothafdhe PSI value; thyshe
montHy readings are less volatile thtre spot daily PSI readisg

We also use the data from&Weather Company and Twitterdbtainfour alternate measures of

the haze episodes. In the weather dataset, we create a binary indicatorwihéaites weather

status containsertaink e y wor ds, s u®h Adbdsa amldi gihhte alVayz dhlaszoe d e

a categorical wvariable, ,wh2chohafidaBe dloine fidife al
to represent the intensity of the haze experiencetdégtudiechouseholds. Moreover, the hourly

visibility measurenents which range from 0 to 1Gre an alternative indicator of air quality.

Further, he Twitter data providea continuous measure tie public consciousness of haze
conditions, which are subjective and more perceptive in natbhem comparedo the objective

24-hour PSI readings.

5.2. Empirical Models

First, we use ordinary least squares regressions to investigate the rBtacedlationships
betweenthe different haze measements(hourly, daily, andmonthly 24hour PSI readingsas
well asa binary indicator of haze, categwariable of haze, hourly/daily visibility, and daily haze
related tweets) and household energy consumption. Our basic rdduoedegression model is
as follows:

Q). w T OaQw 1 | T -
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Here, he degndent variablely;, is the periodic logaritimic term ofthe water consumption for

each househol@t the end of houd. 'Ow & @ the logarithrit term of the ahpollution levelat

each weather statiaxfrom 2012 to 2015. captureshe average periodic energy consumption
during the haze episodes. This first step allows us to predict how changes in utility consumption
are associated withepercentage increasis the 24hour PSl readingd is a vector othecontrol
variables whichincludethelogarithmic terms of temperature and humidity.is theannualfixed

effect and montly fixed effect which areused separately to absorb the time variatiohthe
waterconsumption trends artd average out allhe other concument aggregate factorBinally,

| is the household fixed effect dumpwyhich isincluded to absorthe systematic differences in
thewater usage preferences at the household level.

In addition, we study the dynamics of the watensumption resp@es following Agarwal and
Qian (2014) by estimating the following distributed lag model:

). & B f 0O P OOGQ O T 1 T

Here, he coefficienf measures the immediateater usage response duringhaze period.

I, €I, are the marginal coefficients that measure the additional respivosethe current

period up to periodafter the haze event. Similarly, the coefficiefits [ éf, capture the
changes inthe waterconsumption trends from periadbefore the haze evemi. is a binary
variable that is equal to 1 in period t. To examine the cumulative impact of haze episodes on water
consumption, we ugbecumulative coefficiert to describe the cumulative respoo$avater

usage aftethe® @period. For instanceyhen the waterconsumption increases by=0.19

during the haze shock and risesfby0.07 one period after the shock, then the cumulative
consumption increaséy 26% on a 100% increase in thel#ur PSI value. We also measure the
cumulative water consumption before the haze episodes, and we expect the coefficient to be
economically and statistically insignificant.

All standard errors are robust aatk clusteged at the household level (for watgynsumption
analysis)or at the building level (for electricity consumption analysijch allows an arbitrary
variancecovariance matrixo captue the potential serial correlati@in the residual error terms.

5.3. Testable Hypotheses on Rskoidance Behavior

Utilizing the hourly household consumption and pollution datathis sectionwe explain the
mechanismby which the haze effectampact water and electricity consumptionTo better
understand householdility consumption on haze days, we examine the relationship between
water consumption and haze leyal a day (6 am to 6 pm) and at night (6 pm to 12 am) on
weekdays and weekends separately.

Avoiding air-pollution episodes requires one to stay indoassich is costly for those who are
full-time employees and students. We construct the following three hypotbedescribe the
changes in household water consumption with respect to household behaviors during haze
episodedo establish evidence of rislkvoidance behavior in households.
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Hypothesis 1 On weekdays, water usage remains unchanged during the day and increases
significantly at night.

Households face a traddf between the health benefits of staying at home and the salary or
educational gais of going to work or school. As employees and students need to commute, the
opportunity cost of avoiding air pollutiorarerelatively high during weekdays. Households who
have been exposed to ambient air pollution are more likely to clean more regaththoroughly

after work or school. The probabilities of households taking longer showers, washing their clothes
more regularlyand cleaning their horsenore frequently increase. Hence, while the household
waterconsumption behavisremainunchanged ding the day, the water usage behavior may
change at night due to the daytime expostodaze.

Hypothesis 2.0n weekends, when most households choose to gooositwater usage remains
unchanged or decreases during the day and increases signifieantight. When households
choose to stay at home to avoid exposure to air pollution, the change in water usage is ambiguous
and needs to be tested.

The opportunity costs of riskvoidance for households are relatively lower on weekemisn

most househds do not have work or school commitments. During weekends with haze episodes,
households are likely to stay indoors (glgpme, shopping mall, community centeraf r i end 6 s
home) to avoid exposure to air pollution. $bask-avoidance behaviors aranticularly prevalent

when the government announces a pollution warning thrdsghebsite or other mass media
channels. If households are accustomed to spending time indoors, their usual behaviors may not
change in response to the exogenous haze shaitierwise, they may choose to go out despite

the pollution warningHouseholds sensitive to their utility bills may choose to go out and enjoy
free airconditioning environments at shopping malls or community centers. If households go out
during the day orweekends, we would expect an increase in water usage for washing and
showering after they return home.

However,whent he haze risk | evel is Ahazardouso and
government to stay home, the change in water consumptidmgcthe weekend is ambiguous.
Households turn on agonditioners or fans to lower the room temperatbtg the necessity of

taking longer showers and washing more clothes decreases. However, momeaydierusetbr

cleaning and cooking during the ydaTherefore, the change in water usage is uncertain
Understanohg how households respond to haze on weekesmsins crucial

Hypothesis 3:0n weekends, when households choose to tedwrelad water usage decreases
during boththe day and night.

Somehouseholds may even choose to travel abroad to get away from the haze. When households
do not stay in Singapore, the consumption of both electricity and water decreases. However, we
are unable to test this because the data do not contain informatioretherilie households stay

at home. Moreover, the possibility of households traveling on weekends only dethheaszter

and electricity usage; therefore, the estimated impact of air pollution orestiitweekends could

be a lowetbound estimate.
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In summary, to examine the three testable hypothesesdiseipport the rislavoidance behavior
hypothesis), we expect the coefficietitatmeasue the impacs of haze on water consumption to

be significantly positive at night on weekdays, insignificaptsitive during the day on weekdays,

and significantly positive at night on weekends. The sign of the coefficfetiteoeffects is

uncertain during the day on weekenabenthe coefficient remains positive during the weekend

day, we can assert thatthecous ehol dso6 deci sion to stay at h
consumptiorduringthe weekend dags opposed to durirthe weekend night.

6. Main Results
6.1. HazeEffects on Water Consumption

First, we examine the causal effects of the haze pofiutiatoccuredfrom 2012 to 2014 using
data onthe hourly water consumption arttie hourly 24hour PSI data. The baseline resudts
shownin Column 1 of Table 1show a highly significant positive response in the hourly water
consumption in relation tthe change in the 2dour PSI readingas predictedy Equation (1).
Using all observations, we estimate that a 100% increase inih@24 Sl reading causes hourly
water consumption to increase by 5.10%.control for the differences iewater consmption

at peakversusoff-peak hours, we include the hourly period fixed effects, where the wiitgin
day variationof water consumption are controlled for using four subperaddbe daily water
consumption data: 12 am to 5 am, 6 am to 11 am, 12 fmpin, and 6 pm to 11 prdvhen we
control for the hourlyeriod fixed effectin Column 2, the incremental wateonsumptiorvalues
are significant bubavealower rate of 2.89% when the hourly-Béur PSI reading doubles.

[Insert Table 1 about here]

Theweather conditions could influence the haze effestdthus,we try to separatthe possible
confounding effects of weather conditions from the haze pollution. Using information obtained

from The Weather Company, we drop the time periods duringwhicthboh aze and fAbad?ao
conditions coexists identified by the data. We drop 2,077 observations, and the regression results
from a small number of observations (subsample 1) are summarized in Columns i® drad

1 (with hourly fixed effects). Theegression results are very similar to those of thestuthple

analysis, and the hazmeduced increases in water consumption remain positive and significant.
Next, we further excl ude t hethatdigweskeepvontythe fbado
obsenations during normal weather conditions and haze periods (subsample 2), and thefresults

this smaller sample size show that the haze effactstill positive and significant however,a

smaller increase ithehourly water consumptigrspecifically thaof 2.76% were recorded during

the haze shock®oreover, he hazeanduced wateconsumption responses disappedenthe

hourly fixed effects are controlled for in Column 6.

Figure 2 plots the daily average PSI readings (bluei litogp) andthefirst difference of the daily
PSI readings (red linebottom) (montkto-month changes) for the period from January 2012 to
January 2015. The shedrm air pollution shock occurring in mitbne 2013 is shown in the
corresponding spikef the two charts. Thedurly 24hour PSireadingsasreported by the NEA
are smoothed readings that may underestimate théimemhaze pollution in the air, and the use
of the smoothed PSI measorents may underestimate the effects of air pollution on water
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consumption. Acaaling to theUS Environmental Protection Agency, haze occurs when sunlight
is filtered or deféctedby tiny pollution particlesandthus,the clarity and coloof the air is greatly
reducedFurther, he visibility intheskies isparticularlylow duringhumid weather conditions.

We use three different measures of weather conditions, which are visibility, temperature, and
humidity asprovided byThe Weather Company, as indirect proxaéshe haze shocks. Figure 3
shows the daily visibilitymeasurementlue line- top) (with value ranging between 0 and 10)

and thenumbero f i h a zeeper dayt(redtlingsbottom) as reported in the weather status
repors of The Weather Company. With these alternate haze proxies, we estimate the water
consumption rgponsesisingEquation (1) and report the results in Table 2. In Column 1, where
the hourly watecconsumption data are used in the model)rif@sibility) coefficient is negative

and significant, which impliethatwhen the visibility levels halved during haze days, the average
hourly waterconsumptiorincreass by approximately 314%. When the effects are measured at
daily level, the coefficientfdn(visibility), asshownin Column 2is still significant at the 5% level,

and the magnitudmf the waterconsumption responsaserelatively larger. In other words, when

the visibility levelis halved i(e., when theéhaze level doubles), household water consumption
increass by 10.9%. The temperature variables have significant and positive coeffitienthe
humidity coefficients are insignificant in predicting bdtburly and daily water consumption in

the models. The visibility and temperature can be used as indirect pbtkiedaze effects, which
produce significant responses in water consuonpti

[Insert Table 2 about here]

We replace the smoothed-Béur PSI readings wittHaze_Indicator1], which isderived from

the keywordof i | i g hd mlaaezee §H h eaargpyriechimthieehourly weather stagas

inThe Weat her Coenlp additiod se estimateahe awa@onsumption models in

Table 2(B). Column 3 reports the results estimated using theduipleset whereas Column 4
reports the results estimated wusing a smaller
conditions and visibilies of 2 or below are dropped. The coefficient$ ldaze Indicatorin

Columns 3 and 4 are statistically significant, and the magnitudes of the two coefficiesitsilare

which supportsa 4.3% increase in water consumption during the tsweks. Column 5 uses a

smaller sample ahe daily weather keywordss opposed tthe hourly keywordef Columns 3

and 4, and the hazdock effects are much stronger and statistically significant.

Next, we look at the dynamics d¢ifie consumption resmses as afunction of the pollution shock.
Following Equation2), we study the dynamic relationship between the temporary changes in air
guality andthe behavioral changes of households in the gbsick period Figure6 showsthe
weekly waterconsumpion trend (Panel A), and the emeeklong haze period occurrirayerthe

third week of June 2013 is identifiedw e e k , @hér@aghe other numbers correspond to the
13-week window before and after June 2013 (week 77). We observe a sharp rise inkilge wee
water consumption during the period when the haze started in week Whandhe hazait its

peak in week 77.

For the purpose of the dynamic analysis of the weekly weaiesumption responses, we @se

Afevent s t u that denoieshe hareasekhin June 2013 as the event week (t=0) and
considersthe six-week prehaze (t=6 to t=1) and poshaze periods (=1 to t=6). The effect
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increasesslightly as soon as the households become aware of the haze in week 76 and jumps
sharply in week 77 when ¢hhaze reaches an extremely high level. The coefficienwhich is

equal to 0.17 quantifiesthe immediate water usage responses during the haze period. The
estimated coefficients are statisticalguringthepre-haze period$. and are equal to 0.074

and 0.078, respectively. As the air pibn experienced by the households is likely to wear off
quickly, the effects on consumption behasiooncurrentlylissipate. We find that the behavior of
increagd water usage only lasts one week after the end of the haze episode. Panel B of Figure 6
graphs the entire path of the cumulative coefficients , andthe dashed lines represent the
corresponding 95% confidence intervals. The r
of the waterconsumption responses of households to the -siort airpollution events, which
persistfor only one week. People may revert toithesual dailynormsafter the haze has dissipated.

[Insert Figure 6 about here]
6.2. RiskAvoidance Behavior: Evidence from Hourly Water Consumgtion

We find evidence otfherisk-avoidance behavisby examininghe within-the-day hourly water
consumption behavieof households during the haze periods. Household daily weektindies
(e.g.,staying at home, going qundtraveling abroad) and weekdagtivities(e.g.,going to work

and attending classes) could lirfnce the intraday (day versus night) variatimiswater
consumption in response to the haze pollutida. better understanthe household utilities
consumption on haze days, we examine the relationbleifpveen water consumption and haze
levelsduringthe day(6 am to 6 pm) and at night (6 pm to 12 am) on weekdays and weekends. The
waterconsumption dateom 1 amto 5 am are excluded to avoid a spurious relationship between
haze measuneentsand water usag&Vhile the haze levehayincrease significaht at night, most
people are asleep during this time, which means that the water consumption stays lo\8. Table
reports the estimation results usithg hourly water consumption and haze data fronudayi,

2012 to Deember31, 2014.

[Insert Table3 abaut here]

Columns 1 and ih Table3 show that the effect of haze shocks on water consumption is significant
and positive on weekestut insignificant on weekdaySimilar results are also fourdiringthe

day, between 6 am and 6 pm on weekdays (Columan@)weekends (Column 4he coefficient

of In(24-hour PSl)is significant onlywhenpredicting weekend daytime water consumpbanis
insignificantwhenpredicting variations in daytime water consumptrweekdaysThe results

are consistent with ouexpectations that the impactf haze shocks on the daytime water
consumption on weekdayseinsignificant, as most people have to commute to work or school
and do not stay at home between 6 am and 6 pm on weekuagslition, the significant positive
response during the day on weekends suggests that households try to avoid exposure to air
pollution by staying at homeas a result, water consumption increase

For the nighttime water consumption between 6 pm and 12 am, the coefficie(@dehour P3

value)in Columns 5 and 6 of Table 3 indicates that a 100% increase in-iheu2# S| value is
associated with 4.92% and 4.30% increases in nighttime water consumption on both weekdays and
weekends, respectivelyhis impact is positive and significafr nighttime water consumption
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of both weekdays and weekends, when individuals return home and consume more water for
cleaning and washing purposes. Based on the positive relationship between the haze level and
water consumption, we could not reject tisik-davoidance hypothesis.

Table4 presents the results the waterconsumption modelsn weekdays and weekends during
an intensive haze peri@d June 2013 in Panels A and B, respectively. We include a binary variable
Heavy Hazgn the model specificain to represent different thresholds of the hourkh2dr PSI
values, ranging from 80 to 200. In Column Heavy Hazes equal to Iwhenthe 24hour PSI
value is greatathanor equal to 80; otherwisthe value iqual to 0. We test four different céfo

[80, 100, 150, and 2Q@o explore how household water ussgespond to different levels of air
pollution. We also include binary variableNight, which indicates the period between 5 pm and
12 am, and its interaction terideavy Haze*Nightwhich nmeasures the difference between the
daytime and nighttime haze effects.

[Insert Table4 about here]

The weekday watetonsumption models ahownin Columns 1 to 4 of Tabld. The results
show that the coefficient the haze intensity dummy is signdict and positivenly when the 24

hour PSI hits 20@r more The results imply that households stay indoors anépgeximately
9.83% more water when the haze pollution react
The coefficients bthe Night dummy variableshow that water consumption af@pmis higher

than that of thelaytimeon typical weekdays. However, during the haze periods, we find that
nighttime water consumption increadsy an averageof 5.84% to 9.36% as indicated by the
interacton term, Heavy Haze*Night These results are consistent with the household -risk
avoidance responses, which are evident during thedtaxek periods. Individuals cannot easily
avoid haze due to work or school commitments dutieglaytime on weekdays, angety tend to
stay indoos after work or school to minimize haze rskhus, theyuse more water at night on
weekdays during the haze periods.

We use the same regression models to analyze the nighttime water consumption of households
during the weekendsnd the results are summarized in Columns 5 to 8 of Zabléhile the

effects ofhaze shock®n water consumptioron weekendsare not significantly different, the
nighttime water consumptiors higher than the daytime consumptionon weekends because
housdolds may still choose to go out during the day on weekends.

Most importantly, we find more discerning evidence of -saskidance when wetudy the
interactions othe Heavy HazendNight variables in the models. The results in Column 5 show
that housholds use 7.72% more water at night on weekends withmaid@ shock, such that the
hourly 24hour PSI readingaremore than 80. When the 2ur PSI valugreach 10®r more
theHeavy_Haze*Nightoefficients are positive but insignificastiggestinghat the differenhaze
effects are margingl different for thedaytime and nighttime water consumpsan weekends
The results imply that when t heholr®S>00yand k r e
ihazar do u shour RSE-20% thesriskvdidancédehaviorof households beconteghly
significant. Households are more willing to minimize health risks by sacrificing their outdoor
activities during weekeng¢herefore, tey are more likely to refrain from going out on weekends
at the expense of being exposed to haze risks.
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6.3. Robustness and Falsification Tests

We perform robustness tests to furtlseparatethe possible confounding effects of weather
conditions on householdaterconsumption decisi@n For instance, households are more likely

to use more water (e,dake more baths) during warmer days. We construct a matched sample of
treatment (hours withigh 24hour PSI reading and controfgroups (hours withlow 24-hour PSI
reading) using the propasity score matching (PSM) methodology. For matching purposes, we
create dnaze_dummio represent the treatmegueriod, where thbaze _dummig equal to Wwhen

the hourly PSI readirgat saidperiod exceethe referenced cutoéndis O otherwise (the control
period). We use four different affs [24-hour PS£60, 65, 100, and 150] to identify the treatment
periodsin our experiment.

In addition, we computehe propensityscores based on a logistic regression using a ricbf set
weather conditions, such as temperature, humidity, pressure, wind speed, and rain status.
Household energy consumptoarenotably different on weekends than on weekdays; therefore,
the matching also considers théferences inthe days of the week Then, we perform nearest
neighbormatching with replacement based on the compptepensity score to pair the treatment

and control sampleghe results are shown in the Appendix (Table Al). The PSM significantly
reduces the poshatching differaces between the treatment and corgeslods in all observable
weather conditions.

We could reduce the selection bias when estimating the-a@tsumption response models using

this balanced panel efeatment and control perigdehich sharesimilar weather conditions. In

the robustness checks, we use four different subsets of matched samples to rerun Eqaation (1)
present the results in Tabfe Column 1 shows the results of the fsélmple analysis without
matching, which predistthatas the haze intensitioublesas represented by thg24-hour PSI)
variable,the water consumptisrof the households increadsy 2.89%. Columns 2 to 5 show the
regression results using the PSM matched samples with different treatment Witefficthe mild

haze effects are examined using the lower PSI cutoffs of 60 (Column 2) and 65 (Column 3), the
coefficients 6 In(24-hour PSl)are significantly positive, which indicates that a 100% increase in
the 24hour PSI reading causes the water comsiion to increase by 8.67% and 12.1%,
respectively. The incremental responses in water consumption are insignificanthemeore
stringent PSI cutofdf 100is used. The results imply thaaterconsumption behavior is positively
influencedby gradual increases of theazeshock intensies Households are more sensitive to the
haze shocks when the PSI readings go above 100. In other wordbpoesttolds are less able to
discern a PSl value of 100, which itshei moder at e6 range, from a PSI
thehunheal thyo range.

[Insert Tables about here]

Next, we perform falsification tests to further investigate possible confounders of water
consumption by randoml y perieds with no haze shbvgkd. We b o 0 t
estimate the models by r andotolach yass writtethrea g 3 0
consecutive year® test householdiaterconsumption responseghe randomization process is

repeaed over 500 times. Figuré shows the results of the randomization pro@ss compares
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them with the findingoft he act ual Atreatment o pollution p
assigned aipollution periods do not hawggnificant impactonthehouseholdvaterconsumption

behaviors. The top panel of Figuregresents the distributioof the estimated parameters with

random assignmegtwhereas the lower panel shows tkstdtistics of the falsification tests. The
falsification testshow that the parameter estimates with the random assiggwhbéatze episodes

are normally distribute@boutO, with most coefficientdeinginsignificant, suggesting thate

haze effects experienced in Singapareunlikely to arise randomly.

[Insert Figurer about here]
6.4. Heterogeneity Tests

We run additional heterogeneity tests on the differential responses of households from different
ethnicgrous, dwelling type, and floor leved to the sharp jungin the 24hour PSI readings.

Panel Aof Table6 presersthe waterconsumption responses thnicity, which includes Chinese,
Indian, and Malay householdBhe results show that Malay households respond more strongly to
haze shockeelative to the responses of the Chinese and Indian houseRattd.Bcomparsthe
waterconsumption responses of households living in different dwellingtyjde find significant

and positive responses of households livindour- and threeoom Housng and Development
Board HDB) flats (5.54%and 4.32% respectively. The waterconsumption responses are
stronger for householdeith the biggefour-room unitsand arespecificallyestimatedo bel.22%

higher tharthoseof the householdsvith the smallethreeroom units.

[Insert Tables about here]

As densesuspende®Msin the haze are likely to precipitate nearer to the ground, households in
the lowerlevelunitsard i kel y t o be exposed to moketedbyiconce
thicker haze pollution) thathosein higherlevelunits.Neverthelesssome experiments conducted

in Chind® have established that the concentration of air pollutangs, PMio, PMs, PMzs, and

PM.) decreases with respect to building héidht the studies find different vertical distributions

of the pollutants abovgroundlevel.!® PanelC of Table 6shows the results of the tests using
sampledrom household®f different floorlevels. We find significant and positive responsés
households in all theubsample®f households from flats belothe 20" floor. However, he
responses of households living on the kigfioors (betweenthe 215 and 2%' floors) are
insignificant. Theeresults are consistent wigarier findingsthatimplied thathaze pollutants are
likely to be more dissipated in the air when timit is abovethe 215 floor.

6.5. Social Media Responses and Average Daily Household Water Consumption

8 fiBuilding Height and the Risk of Lung Cander2 0 1Hebei T@échnology University New22 Feb, 2012. Web.
30 May 2016.

19 Researchers at Tsinghua University, who studied the haze concestiati®eijing from October to December
2003, show that large variations in the concentradi M, s in the air are found in the range of eight to 32 meters
abovethe ground (approximately between the second afidltors of a building), and the PM concentation
decreases by 19% aheight of 64 meters from the ground (approximately at tieflddr). In a separate study
conducted in the city of Shijiazhuang, Hebei Province, the average daily concentration of pollutants ingke air
shown to benon-linearly distributed from 1.5 to 72 meters above the ground.
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The role of emotios has been largglignored in determining household energy consumption.
Raghunat han and Tuan Pham (1999) posit that
motives andthus,determine decisions herefore, Witter datawas collectedas aproxy of the
changes in emoti@during the study period, providing a unique identification strategy to study
the impact ohegative emotions caused by air pollution on household energy consumption.

We usealaily Twitter data to captutbepersonaémotiors of households toward the haze episodes.
From public Twitter accounts, we collesd hourly hazerelated tweets and asseghan emotion
scoreto each of the tweets (ranging frort to 1) using the sentiment analysis technitfue.
Moreover, ar Twitterdata analysis is based on the daily aggregation of hourly Twitter data.
Figure 3 plots the tweet count per day (red lm®ttom) andhe change in the tweet count per
day (blue line- top). Panel A in Tabl& presents the relationshiggtween the numbeaf haze
related tweets and water consumption using the full sample of tweets per day. Column 1 shows a
significantly positive coefficientvith In(Number of Tweets)ndicating that water consumption
increases as much as 7.11% when the number ofraked tweets doubles. Columrugesonly
tweets with a negative emotiairscore to study the relationship between social media responses
and water consumption, and the results show that a 100% inofé¢heenumber of negative daily
hazerelated twets causes the water consumption to increase by 3.72%.

[Insert Table7 about here]

Further, ve sort the tweets by topic into three broad categbriesi a2 efA En v i, oaamme n t
AHeal t h 0 5j0saedestifdteghe watepnsumption response modeldalumns 3 to 8

in Panel A of Table/. We estimate the wateonsumption responses to thwitter scores as
havingmagnitudesvar ying from 1.01% for the fiHazeo cat
category. When we use only the tweewitish negative emotiors, the AENnvironment
(Column 6) generates stronger watensumption responses of 6.42%, which suggtsit

households who tweet more on the issueseaélat the environmental impact of wildfirehow

stronger responsestimeirwater consumptia® Next, we use only ttweets thahave beeiii | dok e

or tweeted ( shared), and replicate the early anal
of Table7. The number of observations dsogignificantly, and masof the coefficients

I n( Numb e 0 odf r twiilt& ghres positive however,some are insignificantstill, the

increasei n t he numwdbearnteti®RieL nkehe tweetBivti mamhmeme Or
andtedl t ho tsmgmpficantandpdsitveeffects on water consumptiangingfrom 2.68%

to 3.34% respectivelyThe Twitterdata analyses indicate that Singaporeans closely maimitor

pollution events via social media resgens and arparticularly strongly concernedvith issues

relating tothefiEn v i r o n meHe ta d efféctsaf airfpollution.

7.  Other Empirical Results

7.1. Responsesf Electricity Consumption

22 We perform a sentiment analysis and decode the tweet
textual data, which provides a simple API that could support some commora| letguage processing tasks.
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We collect panel data difie building-levd monthly electricity records fot,200private and 836
public residential buildingghe data are available on a monthly frequeroyering the period
from 2013 to 2015. Using morh building-level electricity consumption as an alternative
outcome vaable, we test the average household resparfsesnthly electricity consumption to
the change in the monthly averagé-hour PSI readirgusing the same model structure as
Equation (1). Tabl8 presents the regression resblyprogressivet includng morepollution and
weather measure3he haze effects, as represented bylrieSl) variable, are statistically and
economically significant in all models. In Column 5, where we controtiflemonthly average
temperature, total rainfall, sumgse hoursaverage wind leveland relative humidity, the results
show that a 100% increase in the monthly averageo?d PSI| value increases the buildiegel
electricity consumption b.3%%6. Table A4 presents the electricity consumption responses by
room type, whichincludel-or-2-room, 3room, 4room and 5room or Executive HDBThe results
show that households living in smaller unitsofi2-room HDB) are less sensitivéo the haze
shocksthan the housholds living in larger HDB flatsLarger flat types (usually with larger
household siz® are more likely to havelderly residentsor children who are sensitive to air
pollutantsand thus exhibit stronger avoidance behawduring haze episodéy increasingheir
electricity consumption morthan smaller flat types (usually occupied siggle or marriedbut
without children residen)s

[Insert TableB about here]

We run a series of robustness tests; dubdspatial constraints, the results are reported in the
Appendices. Likd&kaghunathan and Tuan Pham (1999), we use the negative exhedtmnes from

the Twitter data as an alternative measure of the haze shadkéind that,with the tweets
expressing negatev emotion, a 100% decrease in the emotion spemeentage( peopl ed s
dissatisfaction with the haze condition increases) is associated with a 12% increase in household
electricity consumptionccurs(see Table A2 inhe Appendix). Based ohoththe privatehousing

and resalgublic-housing transaction price datavailable from public sourcg$ we sort the

sample buildings by buildirtgvelpersquaremeter housing prices into four categories Hrah

conduct the water consumption and haze effect testsT@ble A3 irthe Appendix). We find that
households in loweprice houses respomdoresignificantly and strongly to the haze shocks than
those inhigherprice houses. If unit housing pricarea reasonable proxy for household wealth,

we may infer hat the hazshockeffectson electricity consumptionare stronger in the low

income householdand are marginally smalléor wealthier households. More future teesould

be conducted to study the incorffects onthe responses to giollution risks.

Next, by merging the monthly electricity consumption data into the aggregated monthly water
consumption data of the nine experimented HDB buildingee (@eautomated water meter readings

are availablejor the period between January 2013 and December 2014, we test theornass
relationshipbetween water and electricity consumption. The results, which are repottee in
Appendix (TableAS5), affirm that water and electricity are complementaopsimptionsfor
households during the haze periods. The eetssticity of water consumption with respect to

22’ The private transaction price data are obtained from
resalepublic-housing transaction price data are obtained from the database of the HDB. Both public agencies
publish timely realestate transaction data.
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electricity consumption is significanindicating that a 1% increase in buildifeyel electricity
consumption is associated with a 0.542% increase in buildugywater consumption.

Moreover, e anal yze the dynamic monthly electrici
skies were first shrouded by the hdeeingthe first weelof September 2015. We plot the dynamic
monthly (Panel A) and cumulative morifirmonth electricity consumptigr(Panel B)in Figure

8 anddo the saméor a seveAamonth window that sparthe duration of thesecond heavhaze
episodethatoccuredin Singapore between September 2015 and October 2015. The two months
with the haze shocks are coded usingatimeuaimontHy variable with the corresponding numbers

of 6680 (September 2015) and A6690 (October

We find that persistent and high &sof electricity consumption were reported (PanebAjithat

the slope of thanonths of September (668) and Octob@69) of 2015 was steeper in the
cumulative chart (Panel B) during #etwo months with serious haze shocks caused by forest
fires from Indonesia. The twmonth high and persistent levels of electricity consumption show
thesignificant behavioral responses (inelastic in electricity consumption) of households to the haze
shocksMoreover, lmuseholds continato use more water aredectricity after the haze clears.

The longterm haze episod&hich lasédfor two months, impaetdhouseholdonsumption habits
andcau®dthe electricity consumption levels to continue rising in the two months following the
long-term shocksWhile the riskavoidance behavioral respossgenot transitory, we do observe
rebound effed after the haze shock&uture works could study the asymmetric differential
responsesf the haze episodes and normal periods.

7.2. Hotel Performance Outcomes and Haze Shock

The exogenous haze shock from Indonesia could had@n adverse economic impact on the
source and neighboring countries. The haze outbreaks cedisitor arrivak and inflicted
significant economic logsonthe touism industry in Singapore. In this section, we use the daily
hotel room rateand daily occupancy leveas outcome variables to ass#sseconomic costs of
air pollution. The current and lagged haze effects orhl@ges in thdaily hotel room rate ah
daily hotel occupancy are modeled using the following specification:

@. & I OOEQr OO&Q 1 ®O _ YYOt | 7.

Here &y; is the logarithnit term of the daily room rates and daily occupancy kfa@l a hotel

sampld sorted by clas$Upper Midscag, Midscale, Economy], and region, [Marina Bay, Sentosa,
Orchard, River Valley], ab. O® & @ the logarithnt term of the dailyaverage a#pollution level

reported at the three PSI measurement stations (central, east, andf santli) capture the

immediate and lagged effects of air pollution on hotel performanisethe coefficient vector of

the foreign exchange rateXE. _is the coefficient bthe log oftheSi ngapor ebés Str ai
Index (stock market indicat@®) is a lotelclass andhotetocation fixed effectt is the montly,

yeaty and dhily fixed effects that account for variations of hotel performance indices over time
Finally,T j is an error term to allow for serial correlation in tatel performance indices.
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We use the daily indiced the hotel room rateandthe occupancy rateconstructed by the Smith

Travel Resource, which cover representative sample of 76.8% by class and 73% by region,
respectively, oall hotekin Singaporegee Table & in theAppendix). We use thaaily exchange

rates to control fothelevels oftourism expenditure ithe hotel performance models. We include
only the daily excha ntieetourismreedpts-gereratisjfmargessp or e 0 s
which arethe Indonesian RupialfilDR0), Chinese Yuan Renminbi€NY®) and Indian Rupee

(AINRO) against the Singapore Dolld&iSGD0) as control variables in the models. In addition, the
USdollar (AUSDO) is included to account faxternal global economic growth; the natural log of

the stock market indicator, the Straits Times Ind&i(0) , i s al so included to
economic growth. The exchange rates and stoakketindex data are collected from the
Bloomberg datatse.

First, we examine the hotel room occupancy (demand) models in 9¢bieclass) and Tabl#0

(by region)and test the demand responses to the haze outbreak in October 2015. Most hotels
impose a penalty on sarday cancellationandthus, we usdéagged haze shocks in the models.

The result®f the two hotel demand models show consistent results and that the cosféictbst

lagged haze shocks, RgMwhere k=}6,-5 , , -H, aregenerallysignificant and negatiw affect

the hoté occupancy rates. The results imply that hotel demand is significantly and adversely
affected by the lagged haze shocks. Since most ¢ertekllation policiescludepenalty feegor
sameday cancellatiog) the haze measures do not affect thielhaccupancy levslof the initial
hazeperiod (he coefficientPSl=0 remainseconomically and statistically insignificant).

[Insert Tabls 9 and 10about here]

Based on the daily data covering the pespdming the twomonth haze outbreak 2015, we
estimate the relationships lebtel performancwith theconcurrentand lagged haze shocks in the
models. The resultsf the hotel performance modetseseparated by class (Panel A) and region
(Panel Bandare summarized in Tabld. The coefficierg oftheconcurrent haze shockn(_ PS),
andthelagged haze shocki.1.In_PS), are significant and negative across all four models. The
results predict that the daily hotel room rates declin.B9% (by class) and 1.82% (by region)
when the contemporaneous-Bdur PSI readings double; the daily hotel room rates decline by a
smaller magnitude of 1.54% (by class) and 1.31% (by region) when the daily average of the lagged
24-hour PSI readingdoubles.

[Insert Tablell about here]

The declines in the daily occupancy rates and daily hotel room rates for hotels in Singapore
representhe economic losses endured by hoteliers during the haze periods, which are business
risks beyondtheir control. More importantly, the negative performasad the hotel industry
during | nd dimeeeiodacdud bé positigesevidenioglicaing therisk-avoidanceof

foreign visitors, whoshunhe haze that fAmdapoeuds o t he skies

7.3. Externality Costs of Transboundary Haze

22The expenditure share of the accommodation sectdemamore than 20% of the total tourism receipts in 2015
(Quote STB).
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This paper utilizes outcome variables from the daily life of a houseabatdeasure the impact of
air pollution on everyday life, which affects a substantial part of the ecoboniaseen ignored
in the existing literatureOur findingsfrom ourbaseline model suggest thas the haze readiag
double thehouseholdevel hourly water consumptignncreaseby 5.1% andhe building-level
monthly electricity consumptianincreag by 2.344. Moreover a haze outbreak creates
significant negative externalitiefor hotel performance. Given this informatiopladng our
findings in a larger context and proingd an informalestimate of the ecmmic costsn orderto
value and quantify the partial econorwelfare effects of haze othe urban population in
Singapore.

The computations are based on two scenarios: (1) alhadd shock, where the PSI readings
increase by 100%nd (2) an extremhaze shock, where the PSI readings incraadeld (500%);

a linear relationshifs assumedbetween the PSI readisgnd utility consumptios. In Scenario

(2), when the PSI readings increase from 50 to 300, the hourly water consumption per household
and monthly electricity consumption per building will increase by 25.5%1 &ri®, respectively,

on a linear scale.

Using the informal estimationrmethod, we convert the increases in water and electricity
consumption intdhe econonic costg® of the negative externalities caused by the forest fires in
Indonesia. We obtain the water and electricity consumption statistics from the Department of
Statisticsand derive the estimated natiade monthly consumptianof water and electrigyt

Then, ve apply the appropriate tariff rates to detive estimated externality costs for a-egnenth

haze shock isingapore.

Based on the annual sales of domesti@lple water of 219,200,000%in 2014, we derive the
monthly water consmptiors by Singaporean householts be 24,266,667 rii Given that the
current water tariff for an average consumption of £&nul above is $1.40 perfmand the water
conservation taxs 45%, ad given theother feesincluding the waterbornefee and sanitary
appliance feegpproximately %), the per mwater cosfor a typical househol assumed to be
approximately $2.10 per inWe apply the per frwater cost to derive the externality costs of
Scenario (1)(S$2.60 million US$1.8 million) and Scenario (2j]S$13.00 million US$9.13
million) whenthe PSI readings increase by 100% and 500%, respectively.

For electricity, the monthly household electricity consumption is giwe403.6 gWh, which is
equivalent to 493,600,000 kWhandapplying the current tariff of $0.20 per kWh for residence,

we estimate the monthly increases in electricity costs incurred by Singaporean households during
the onemonth haze period to #$2.33million (US$L.64 million) for Scenario (1)andS$L1.67

million (US$8.2 million) for Scenario (2whenthe PSI readings increase by 100% and 500%,
respectively.

23 The calculation is based on the current tariffs in Singapore. The electriifitfoiahouseholds i$0.20 per kWh
(in effect from July 1, 2016 to September 30, 2016). The waterstéoifhouseholdsre$1.17 per cubic meter
(below 40m3) and $1.40 per cubic meter (abovernf?). An additional water conservation tax is chargedtiier
use of water. Theaxrate is 30% of thevaterbill whenthe monthly usage is under 40 cubic metansl 45% for
consumption above that.
24 The Singapore$ to US$ exchange rate as of October 1, 2015 was 1.4235, based on the source at finance.yahoo.com.
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Based on the last five haze recorfisest fires cause, on averagene month ohazeshrouded
skies per year in SingaporéMoreover,the conservativeestimated externajitcosts based only
on utilities costs aloneare estimated to be around23%6 million (US$17.32 million). The
Indonesian government estimates US$14 bilimaconomic losses raed to the fires, including
explicit environmentalcosts health expenses, and business lossearde: the Wall Street
Journat®). Although the externality costs on utjlitonsumptios incurred in Singaporend up
beinga marginal fraction of thetaedenvironmental costs of US$bdllion, which wereincurred
by Indonesia during the haze period, the additional water and electricity consumedahaiom
and exogenous haze sheeke private goods that are purchased and consumed by bloisdeh
havebeen ignored by householdlse government, and existing studies.

8. Conclusiors

Singapor eds s ki escodradyyesmdke ana haze dlown oweribyg airldg frpm

the forest and peatland firesIndonesia. The translindary hazeventampactthe daily activities

of Singaporean households, and their ytitbnsumptios increasesignificantly during haze
periods. The haze episodes have also caused significant economic losses, which include the decline
in hotd room demand suffered by hoteliers in Singapore.

This paper uses multiple sources of outcome deasaribingutility consumption and hotel room
performance, and merges them with then®dr PSI readings, hazelated tweets, and weather

data. We fnd significant and positive relationships between the haze shocks and household
responses in utijtconsumption. The results show that a 100% increase in thel@4PSI value

is associated with a 5.1% increase in water consumptioraa®84% inaease in electricity
consumptionWe providethreenew contributionsto the currentliterature. First, we find robust

empirical evidence dherisk-avoidance of households based on the witheéaday and between
weekdayandweekend variationsf water consumption during the haze periods. When the haze

related healthisks arehigh, people will stay indosiafter work and school on weekdays, resulting

in significanty higher nighttime (gmto 12 am) water consumption when haze alerts are issued

by the government. On weekends, when thén@4r PSI readings readnfiunheal t hy | e
(>100), the daytime water consumption is not significantly different froat & nighttime,

implying that people cancel their family outings during the day arydrstimors to minimize their
familiesd exposure to the haze risks. The evi
falsification tests. Whethere aralifferenthaze measumentst hat ref |l ect househo
risk perceptios and emotion, using Twitter and othemweather condition status data, the results

remain robust and consistent.

Second, we findhatthe behavioral persistency leousehold utilyy consumptios varied lased on

the duration ofir-pollution evens. In partcular, water consumption rises sharply in response to
arpol luti on event s, a n dconBumptisnebkhaviots sré transitotlye e a s e d
high consumptiosrevertback to the normwvhenthe haze shock lasts for only a few days. With

haze &ocks that last for months, households would continue to use more eleoéveitytwo

months after the haze clears. More studies could be conducted in the future to explore the rebound
effectsof thebehavioral responses of households to the haze risks

%Source: fiThe numb ehesVal Streetdaumadstobar®% 20Hba z e 0
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Third, using the daily hotel performance datan Singapore, we find significant declines in the
daily occupancyatesand daily room rates during the haze periods in 2015. The deofitles
hotel room demarghre consistent with the riskvoidarteof foreign visitors, who shuingapore
as a tourist destination when the haze risk alerts are issued by their respective govefhesmts.
declinesprovideadditional evidence that lortigrm haze shocks not only harm the perkatibity
costsof an individualbut alsdead to enormous social costs @aglowdown in economic activity.

This study aims to raise public awarene$show air-pollution affectsnot only our health and
productivitybut alsoevery aspect of the urban quality of life. The unique, filgfuency dataset
allows us to address this issue fromiaroperspective. This study is the first of its kind to quantify
the influence of air pollution on housad utility consumptios, complemenhg other recent
works on pollution outside of the US, and thasic cost analysis provides estimates of the
considerable economic costs of the haze affecting Singapore.

These estimates are patiarly important in light of the dramatic increasfeurban air pollution
in Singapore in recent years. This paper contributes to tpelhition literature by assessitige
exogenous haze shocks that are responsible for therahodynamicsof urban activities. The
empirical analyses and findings on the@atlution externalitieson urban activities can provide
valuable insightdor government agemes utility suppliers, local communitiesind the hotel
industryfor demand forecastinghen similar events occur in the future. The findingthe partial
economiewelfare effects associated with increased ytitbnsumption and decreaséotel
revenuecan aid government authorities and policymakers in jusgfife usage of public funding
in taking preventive and protective measures agaeissboundary haze.

Moreover transboundary haze has been a primary concern of the ASEAN community for decades.
Regional cooperation in combating the haze poltuteoimportant to reductne potential social

and economic impact# forest fires orsourceandn ei ghbori ng countries. Si
passed the Transboundary Haze Pollution Act in 2@hichallowsthe governmetto investigate

and prosecute companies and households afeateasonably thought to have contributed to
burning forests imeighboring regions and causing severe air pollution. The Coase theorem also
suggests that a solutionttee collective actio problem could be resolved by subsidizing the party

for restraininghe forest burning activities that cause air pollution. Singaporefiaged various
financial suppos and technical assistan¢e Indonesiato fight forest fires since 200%nd
increasingthese collaborationgo includebetter fire monitoring and alerts could further help to
minimize therecccurrence of haze episodes.
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Table 1: Hourly Water Consumption and 24Hour PSI Reading

Dependent Variable: Regression Regression Regression Regression: Regression Regression

In(Water Consumption Q) (2) 3) (4) (5) (6)
Full Full Sub Sub Sub Sub
Sample Sample samplel samplel sample2 sample2

In(24hour PSIreading  0.0510%*  0.0289** | 0.0509**  0.0290** = 0.0276**  0.0204
(0.00955)  (0.00933) (0.00954) (0.00932)  (0.0129)  (0.0129)
Constant 2.014%*  1236%* | 2014%* 12350k ] Q77 ] 155w
(0.0452)  (0.0618)  (0.0452)  (0.0618)  (0.0589)  (0.0821)

Observations 4,757,132 4,757,132 4,755,055 4,755,055 1,728,745 1,728,745
R-squared 0.148 0.211 0.148 0.211 0.195 0.223
Year FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
DOW FE Yes Yes Yes Yes Yes Yes
Household FE Yes Yes Yes Yes Yes Yes
Hour-period FE No Yes No Yes No Yes

Notes:Thistableshowsresultsontheaveragaesponsén hourly waterconsumptiorio thechangen thehourly24-
hourPSlreadindoy applyingEquation(1). Individual, year,month,anddayof weekfixed effectsareincludedin all

regressions. Columhb presentghe resultsof our baselinewhichincludesall the observationsColumn3 repeats
thesameanalysis usingasmallsra mpl e, whi ch drops the time periods dur
conditions coexist. Column 5 conduetsegressioranalysisbyf ur t her excl uding the days
conditions, that is, we keep only the observations during normaharegonditions and haze perioBggressions

(2), (4), and(6) includeadditionalhourfixed effects.Robuststandarcerrorsarereportedn parenthesesnderthe
coefficientestimates andre clusteredat the householdevel. *Significant at the 10 percentlevel; **significant

at the 5 percentlevel; ***significant at the 1 percent level.
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Table 2: Average Daily Household Water Consumption and Weather Status

Dependent variable: Panel (A): Visibility Panel (B): Haze Indicator
(1) Hourly (2) Daily (3) Hourly (4) Hourly (5) Daily
In(Water Consumption) Visibility Visibility | Haze Status Haze Status Haze Indicatol
Sample Full Sample Full Sample| Full Sample Subsample 3 Full Sample
In(Visibility) -0.0314** -0.109**
(0.0126) (0.0539)
In(Temperature) 0.0266*** 0.691** 0.587**
(0.00303) (0.312) (0.128)
In(Humidity) -0.0883 0.0605 0.203
(0.0734) (0.160) (0.144)
Haze Indicator 0.0424*** 0.0428*** 0.210***
(0.0128) (0.0128) (0.0364)
Constant 1.574%** 9.24 4%+ 1.992%** 1.993*** 10.80***
(0.116) (0.970) (0.0544) (0.0544) (0.483)
Observations 3,572,190 1,053 8,537,868 8,510,342 220,224
R-squared 0.183 0.771 0.224 0.224 0.458
Yearmonth FE Yes Yes No No Yes
Day of Week FE Yes Yes Yes Yes Yes
Hour FE No No Yes Yes No
Year FE No No Yes Yes No
Month FE No No Yes Yes No
Household FE Yes Yes Yes Yes Yes

Notes: Column 1 reports the relationship between visibility level and hourly water consumption. Column 5
exploregherelationshipbetweernvisibility levelanddaily aggregatevaterconsumptionColumns2 to 4 analyze

the average r es powatrconsummptian hoehazé episales hwiikbddendify as a period

dummy using various measur&olumn 3 reports the results estimated using the full sample, whereas Column

4 reports the results estimated using a smaller subsa
visibility of 2 or below are dropped. We identifhazelndicator=1 if the hourly weather status contaitie

keywordsfi | i hgahztfe b g ordidh,e & a ¥ ladividual, year,month(or yearmonth),and dayof weekfixed
effectsareincludedin all regressionsRobuststandarcerrorsarereportedin parentheses und#re coefficient

estimatesand are clusteredat the householdevel. *Significant at the 10 percentlevel; **significant at the 5

percent level; ***significant at the 1 percent level.
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Table 3: Effect of Haze on Household Water Consumption (2012014)

Dependent Variable: In(Water Consumption)

Model 1) (2) 3) (4) (5) (6)
Dependent variable Weekdays Weekends | Weekdays  Weekends Weekdays Weekends
In(Water Daytime Daytime Nighttime Nighttime
Consumption) Full-day Full day 6amto 6pm 6amto 6pm| 6pmto 24am 6pm to 24am
Testing Periods after 6am after 6am
In(24-hour PSI) 0.0165 0.0350%** 0.00716 0.0374*** 0.0492%** 0.0430***
(0.0106) (0.0118) (0.0105) (0.0119) (0.0137) (0.0163)
Constant 1.036%** 0.806*** 1.049%** 0.753*** 1.849%** 2.084***
(0.0731) (0.0634) (0.0722) (0.0629) (0.0669) (0.107)
Observations 2,752,337 1,096,849 1,834,769 733,876 917,568 362,973
R-squared 0.249 0.210 0.257 0.236 0.258 0.193
Year FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
DOW FE Yes Yes Yes Yes Yes Yes
Hour FE Yes Yes Yes Yes Yes Yes
Household FE Yes Yes Yes Yes Yes Yes

Notes: Table 3 reports the estimation results using hourly water consumption and haze data from 2012 to 2014. The
water consumption data between 1am and 5am are excluttedfoilowing analysis to avoid a spowis relationship

between haze measure and water usage. Columns 1 and 2 show that changes in haze level is significant and positively
associated with water usage on weekends. Columns 3 and 4 present the estirhateaytinte (between 6am and

6pm) water consumpth onweekdays and weekends, respectively. Columns 5 and 6 show the haze effects on night
time (6pm to 12 midnight) water consumption on weekdays and the weekends, respectively. Robust standard errors
are rgorted in parentheses under the coefficient estimates and are clusterdtbasdimldevel. *Significant at the

10 percent level; **significant at the 5 percent level; ***significant at the 1 percent level.
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Table 4: Effect of Haze on Household WateConsumption in the Heavy Haze Period
Dependent Variable: In(Water Consumption)

Panel A: 6arrmidnight on weekdays in June 2013

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

24-Hour PSI 80 100 150 200

Cutoff

Heavy Haze -0.0171 -0.00827 0.00743 0.0983**
(0.0247) (0.0242) (0.0293) (0.0397)

Night 1.396%** 1.397*** 1.402*** 1.402***

(0.0739) (0.0740) (0.0738) (0.0738)
Heavy Haze 0.0668** 0.0584** 0.0626** 0.0936*

*Night

(0.0215) (0.0223) (0.0300) (0.0522)
Constant 0.935*** (0.934*** (,933*** (.934***

(0.0551) (0.0550) (0.0550) (0.0549)
Observations 138,680 138,680 138,680 138,680
R-squared 0.292 0.292 0.292 0.293
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
DOW FE Yes Yes Yes Yes
Hour FE Yes Yes Yes Yes
Household FE Yes Yes Yes Yes

Panel B: 6ammidnight on weekends in June 2013

Model (5) (6) (7 (8)

24-Hour PSI 80 100 150 200

Cutoff

Heavy Haze -0.0213 -0.0381 0.00990 -0.00944
(0.0288) (0.0296) (0.0333) (0.0502)

Night 1.504*** 1.506*** 1.513** 1.5]12***

(0.0618) (0.0623) (0.0624) (0.0625)
Heavy Haze 0.0772* 0.0381 0.0342  0.0392

*Night

(0.0338) (0.0397) (0.0455) (0.0704)
Constant 0.761*** 0.762** 0.756*** 0.756***

(0.0418) (0.0418) (0.0416) (0.0414)
Observations 68,753 68,753 68,753 68,753
R-squared 0.251 0.251 0.251 0.251
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
DOW FE Yes Yes Yes Yes
Hour FE Yes Yes Yes Yes
Household FE Yes Yes Yes Yes
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Notes:Thistablepresents the estimation results on weekends and weekdays separately in Paneldfeawny Blaze

is a binary variable indicating the 2¥ur PSI value above a certain level. We test four different cutoffs from 80 to
200 to explore how household watgsage responds to different levels of air pollutiNight is a binary variable
indicating the period between 5pm and midnight. The coefficient of interest is the interadtlaneofHaze*Night
which measures the difference between the daytime andinmightaze effects. Robust standard errors are reported in
parentheses under the coefficient estimates and are clusterechatifieholdevel. *Significant at the 10 percent
level; **significant at the 5 percent level; ***significant at the 1 percent level.
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Table 5: Average Responses of Water Consumption {§core Matching)

(1) (2) (7) (4) (5)

Dependent Variable: Full Sample PSI=60 PSI=65 PSI=100 PSI=150
In(Water Consumption) Without PSM PSM PSM PSM

Matching
In(24-hour PSI) 0.0289*** 0.0867** 0.121* 0.447 0.263

(0.00933) (0.0389) (0.0499) (0.829) (2.284)
Constant 1.236*** 1.786*** 0.186 -0.0743 0.146

(0.0618) (0.609) (1.248) (3.392) (7.196)
Observations 4,757,132 156,683 69,826 2,538 2,323
R-squared 0.211 0.237 0.250 0.407 0.363
Year FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
DOW FE Yes Yes Yes Yes Yes
Houry period FE Yes Yes Yes Yes Yes

Notes: This table presents the results usihg nearestheighborhoodmatchingwith replacemenbasedon the
computedpropensityscore. The propensity scores based on a logistic regression using a rich set of weather
conditions, such as temperature, humidityspoee, wind speed, and rain status. Tlwense different suisamples

to rerun Equation (1).

Column 1 shows the results of the fasimple analysis without matching. Columns 2 to 5 show the regression
results using the PSM matched samples with differe@tment cutoffs. Year, month, day of the week, hourly

period and household fixed effects are included in all regressions. Robust standard errors are reported in parentheses
under the coefficient estimates and ahesteredat the individual level. *Significant at the 10 percentlevel;
**significant atthe5 percentevel; significant at the 1 percelavel
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Table 6: Heterogeneity Tests: Race and Dwelling Type

Panel (A) Panel (B) Panel (C)
Race Dwelling Type Floor L evel
Dependent Variable: Q) (2) 3) (4) (5) Q) (2) 3) (4) (5)
In(Water Consumption) ) . 3-room 4-room Levels Levels Levels Levels Levels
Chinese Indian Malay HDB HDB 15 6-10 1115 1620 2125
In(24-hour PSI reading 0.0490*** 0.0279 0.0778** | 0.0554**  (0.0432** | 0.0829** 0.0290* 0.0567** 0.0396*  0.0349
(0.0104)  (0.0580)  (0.0261) | (0.0117)  (0.0137) | (0.0176) (0.0153) (0.0225) (0.0205) (0.0244)
Constant 1.979%  2257*kx D DDZkk 2,047 1.979%** 1.984*  2.031**  1.915%* 2224+  2.058™**
(0.0486)  (0.2620)  (0.1490) | (0.0526)  (0.0737) (0.0886) (0.0874) (0.0939) (0.110)  (0.115)
Observations 4,065,367 180,993 455,984 | 2,384,273 2,361,090 888,781 1,333,329 1,478,573 633,179 411,501
R-squared 0.143 0.111 0.153 0.173 0.127 0.138 0.145 0.144 0.158 0.173
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
DOW FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Hour-period FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes:Thistablepresentshe resultsof the heterogeneouestsby race,[Chinese Indian,andMalay], by dwelling type, [3room HDB, 4room HDB], and by
floor level subsampledLevels1-5; Levels6-10; Levels10-15; Levels16-20; Levels21-25]. Year, month, day of the week, heperiod and individual fixed
effects are included in all regressions. Robust standard errors are reported in parentheses under the coefficient estiengtestereditthe householdevel.

*Significantatthe 10 percentevel; **significant atthe 5 percentevel; significantat thel percentevel.



Table 7: Average Daily Household Water Consumption and Social Media Responses

Independent Variable Q) (2) ) (4) (5) (6) @) (8)
In(Water All Three Topics Topic: Haze Topic: Environment Topic: Health
Consumption) Total Tweets with Total Tweets with Negative Total Tweets with Total Tweets with
Tweets Negative Emotion | Tweets Emotion Tweets Negative Emotion: Tweets  Negative Emotion
Panel A: Total Number of Tweets Per Day
In(Number of Tweets) 0.0711*** 0.0372%** 0.0101* 0.0168 0.123*** 0.0642*** 0.0313*** 0.0258**
(0.0176) (0.0115) (0.00581) (0.0140) (0.0347) (0.0167) (0.00999) (0.0120)
Constant 11.46%** 11.85%** 12.01*** 12.17%** 11.01%** 11.67** 11.88*** 12.06***
(0.182) (0.122) (0.125) (0.0896) (0.329) (0.156) (0.110) (0.0765)
Observations 1,096 1,073 614 272 1,096 1,036 1,076 705
R-squared 0.735 0.727 0.723 0.854 0.749 0.741 0.726 0.817
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes Yes Yes
Weekend FE Yes Yes Yes Yes Yes Yes Yes Yes
Household FE Yes Yes Yes Yes Yes Yes Yes Yes
Panel B: Total Number of Likes and Reposts of Hazeelated Tweets Per Day
1) (2 (3 4) () (6) ) (8)
In(Number of Likes 0.0154 0.00990 0.00395 0.00384 0.0268*** 0.0176* 0.0334*** 0.0169
and Reposts) (0.0149) (0.0208) (0.00750) (0.0212) (0.00680) (0.00963) (0.00848) (0.0327)
Constant 12.17%* 12.23*** 12.27** 12.05%** 12.03*** 12.14%* 12.05%** 12.27%**
(0.0390) (0.0418) (0.162) (0.213) (0.0543) (0.0702) (0.0702) (0.215)
Observations 1,045 701 227 106 1,022 606 623 213
R-squared 0.737 0.764 0.854 0.960 0.777 0.767 0.700 0.858
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes Yes Yes
Weekend FE Yes Yes Yes Yes Yes Yes Yes Yes
Household FE Yes Yes Yes Yes Yes Yes Yes Yes
Notes: The topic fihazedo contains t heflafiol |poavhidnugh skoenygwaoprodrse: hiahzaezoe. 0 , Ahazyo,
The topic Aenvironmento includes the following keywbed$éol ibwiriegt &egyiwbrde
Abreat ho, Arespiratoryo, Ain950, and A mas kfdhazerdrated tevdets and watee corsumiption perhday. Bvenl at i o

columns use tweets with a negative emotion score to study the relationship between social media responses and waten.cOp8umpi3 to 8 explore how
tweets in each topic affect water consuimpt PaneB reports the regression results using the total number of likes and reposts-télagezktweets per day.
Individual, year, month, and weekend fixed effects are included in all regressions. Robust standard errors are repartbdsagieder the coefficient estimates
and are clustered at theuseholdevel. *Significant at the 10 percent level; **significant at the 5 percent level; ***gagrit at the 1 percent level.
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Table 8: Average Response dElectricity Consumption to Haze Episode

Independent Variable 1) (2) 3) (4) (5) (6)
In(electricity)
VARIABLES PSI +temperature +rainfall +humidity +sunshine  +wind
In(PSI) 0.0550***  0.0411**  (0.0409***  0.0464** 0.0275*** 0.0234***
(0.000970) (0.00102) (0.00102) (0.00104) (0.00131) (0.00134)
In(temperature) 0.703*** 0.754*** 0.918*** 1.132%*  1.148***
(0.0216) (0.0221) (0.0247) (0.0274)  (0.0275)
In(rainfall) 0.00793*** -0.00176*** 0.000368 -0.000905
(0.000504) (0.000613) (0.000612) (0.000615)
In(humidity) 0.389***  0.0764**  (0.0342*
(0.0144) (0.0177)  (0.0179)
In(sunshine) -0.0590*** -0.0592***
(0.00202) (0.00202)
In(wind) -0.0291 ***
(0.00234)
Constant 6.097*** 3.824*** 3.641*** 1.388*** 2.216%*  2.432%**
(0.00336) (0.0703) (0.0723) (0.126) (0.126) (0.126)
Observations 469,664 469,389 469,389 469,389 469,389 469,389
R-squared 0.898 0.899 0.899 0.899 0.899 0.899
Year FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
Building FE Yes Yes Yes Yes Yes Yes

Notes: This table presents the results on the average response in monthly electricity consumption to the change in the
24-hour PSI reading by applying Equation @nd progressively adding haze and weather measiesnclude

weather controls, such as ntbly average temperature, total rainfall, sunshine hours, and relative humidity, in the
subsequent columns. 39 weather stations (yellow circle) located in different subzones collect daily rainfall and
temperature records, and 13 weather stations (blagkaport wind data. The daily weather data is further aggregated

into monthly frequency. Other islarwide weather measures, such as monthly average bright sunshine hours and
relative humidity, are also collected We use ArcGIS to locate the weathen stiaisest to each residential building

and collect the temperature, rainfall, and wind data from the nearest weather stations. Year, month, and building fixed
effects are included in all regressions. Robust standard errors are reported in parenthest woddficient
estimates and are clustered at the building level. *Significant at the 10 percent level; **significant at the 5 percent
level; ***significant at the 1 percent level.



Table 9: Room occupancy impact of haze outbreak in 2015

(By Class Segment)

Dependent variable

By Class Segment

In(occupancy
Model 1) (2) 3) (4) (5) (6)
Time lag (day) t=6 t=5 t=4 t=3 t=2 t=1
L6.In_PS -0.0143**
(0.00632)
L5.In_PSI -0.0255***
(0.00620)
L4.In_PSI -0.0242%**
(0.00591)
L3.In_PSI -0.0220***
(0.00599)
L2.In_PSI -0.0146**
(0.00670)
L1.In_PSI -0.00712
(0.00665)

USD/SGD 0.771* 0.811*** 0.804*** 0.766** 0.743** 0.722**

(0.312) (0.310) (0.310) (0.310) (0.311) (0.312)
IDR/SGD 89.91 449.3 311.7 421.8 442 .4 640.5

(1,874) (1,827) (1,830) (1,832) (1,850) (1,863)
CNY/SGD -3.431* -3.667** -3.425%* -3.251** -3.217* -3.104**

(1.549) (1.534) (1.529) (1.529) (1.539) (1.544)
INR/SGD 17.88 17.51 16.91 16.40 15.16 14.74

(11.07) (10.85) (10.84) (10.85) (10.90) (10.99)
In_STI 0.337** 0.302** 0.322** 0.328** 0.332** 0.328**

(0.133) (0.133) (0.132) (0.133) (0.133) (0.133)
Constant -1.458 -1.077 -1.283 -1.303 -1.317 -1.378

(1.096) (2.093) (1.091) (1.092) (2.097) (1.099)
Yearmonth FE YES YES YES YES YES YES
DOW FE YES YES YES YES YES YES
Hotel region FE YES YES YES YES YES YES
Observations 992 992 992 992 992 992
R-squared 0.381 0.388 0.388 0.386 0.381 0.378

Notes: The dependent variable is the hotel room occupateydaily index) in logarithm term across
different hotel class submarket (luxury, upper upscale, and upscale). Current and lagged value of 24
hour PSlindex in logarithm term are the explanatory variables to examine the effect of haze one week
ago on htel performance. The coefficient on PSIt=0 stays statistically insignificant and is not included
in the table. Singapore Straits Times Index (STI) in natural logarithm form and currency exchange rates
with Indonesian rupiah (IDR), Chinese Yuan Renminbi YgNndian Rupee (INR), and the United
States Dollar (USD) being compared to the Singapore dollar (SGD) are included in the regression.
Monthyear fixed effects and day of the week fixed effects are included to account for the variations of
hotel performace indices over time. Standard errors are reported in parentheses under the coefficient
estimates. *Significant at the 10 percent level; **significant at the 5 percent level; ***significant at the

1 percent level.
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Table 10: Room occupancy impact of hazeutbreak in 2015

(By Geographic Area)
Dependent variable By Geographic Area
In(occupancy
Model (1) (2) (3) (4) (5) (6)
Time lag (day) T=-6 T=-5 T=-4 T=-3 T=-2 T=-1
L6.In_PSI -0.0190***
(0.00551)
L5.In_PSI -0.0329%**
(0.00537)
L4.In_PSI -0.0310%***
(0.00512)
L3.In_PSI -0.0272***
(0.00520)
L2.In_PSI -0.0215***
(0.00583)
L1l.In_PSI -0.0119**
(0.00581)

USD/SGD 0.968*** 1.016*** 1.007*** 0.955*** 0.935*** 0.908***

(0.272) (0.268) (0.268) (0.269) (0.271) (0.272)
IDR/SGD -270.5 230.5 55.83 220.3 125.3 348.8

(1,634) (1,582) (1,585) (1,591) (1,611) (1,627)
CNY/SGD -3.838***  -4.120**  -3.807***  -3.569*** -3.592%** -3.461**

(1.350) (1.328) (1.324) (1.328) (1.340) (1.349)
INR/SGD 16.31* 15.62* 14.84 14.05 12.98 12.72

(9.646) (9.392) (9.384) (9.425) (9.495) (9.600)
In_STI 0.387*** 0.341*** 0.368*** 0.375*** 0.380*** 0.374%**

(0.116) (0.115) (0.115) (0.115) (0.116) (0.117)
Constant -1.969** -1.497 -1.756* -1.792* -1.791* -1.863*

(0.956) (0.946) (0.944) (0.949) (0.956) (0.960)
Yearmonth FE YES YES YES YES YES YES
DOW FE YES YES YES YES YES YES
Hotel type FE YES YES YES YES YES YES
Observations 992 992 992 992 992 992
R-squared 0.339 0.356 0.356 0.350 0.341 0.334

Notes: The dependent variable is the hotel room occupancy rate (daily index) in logarithm term across
different geographic regions(Marina Bay, Sentosa, Orchard, and River Vallesgn€Cand lagged value

of 24-hour PSI index in logarithm term atlee explanatory variables to examine the effect of haze one
week ago on hotel performance. The coefficient on PSIt=0 stays statistically insignificant and is not
included in the table. Singapore Straits Times Index (STI) in natural logarithm form andcgurre
exchange rates with Indonesian rupiah (IDR), Chinese Yuan Renminbi (CNY), Indian Rupee (INR), and
the United States Dollar (USD) being compared to the Singapore dollar (SGD) are included in the
regression. Montyear fixed effects and day of the weékefl effects are included to account for the
variations of hotel performance indices over time. Standard errors are reported in parentheses under the
coefficient estimates. *Significant at the 10 percent level; **significant at the 5 percent level;
***significant at the 1 percent level.

42



Table 11: Room Price Impact of Haze Outbreak in 2015

Dependent variable:  Panel A: By Class Segment Panel B: Geographic Area
In(price)
Model 1) (2) 3) (4)
Time lag (day) t=0 t=-1 t=0 t=-1
In_PSI -0.0199*** -0.0182***
(0.00444) (0.00591)
L1.In_PSI -0.0154*** -0.0131**
(0.00463) (0.00615)
USD/SGD 0.968*** 0.976*** 0.943*** 0.948***
(0.216) (0.217) (0.287) (0.288)
IDR/SGD -2,575** -2,072 -4,769*** -4,264**
(1,302) (1,297) (1,732) (1,722)
CNY/SGD -5.47 4% -5.266*** -4.229%** -4.017%**
(1.073) (1.076) (1.427) (1.428)
INR/SGD 1.639 -1.603 6.035 2.846
(7.698) (7.657) (10.24) (10.16)
In_STI 0.398*** 0.400*** 0.388*** 0.390***
(0.0925) (0.0930) (0.123) (0.123)
Constant -0.562 -0.640 -0.508 -0.593
(0.763) (0.765) (1.015) (1.016)
Yearmonth FE YES YES YES YES
DOW FE YES YES YES YES
Hotel type FE YES YES No No
Hotel region FE No No YES YES
Observations 992 992 992 992
R-squared 0.916 0.915 0.816 0.815

Notes: The dependent variable is the hotel room price (daily index) in logarithm term. Panel A shows
the effects of haze on daily hotel rooates estimated for each hotel class submarket (luxury, upper
upscale, and upscale). Panel B presents the hazetimpadaily room across different geographic
regions(Marina Bay, Sentosa, Orchard, and River Valley). Singapore Straits Times Index (STI) in natural
logarithm form and currency exchange rates with Indonesian rupiah (IDR), Chinese Yuan Renminbi
(CNY), Indian Rupee (INR), and the United States Dollar (USD) being compared to the Singapore dollar
(SGD) are included in the regression. Mogtar fixed effects and day of the week fixed effects are
included to account for the variations of hotel performance isdicer time. Standard errors are reported

in parentheses under the coefficient estimates. *Significant at the 10 percent level; **significant at the 5
percent level; ***significant at the 1 percent level.
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Figure 1: Singapore Residential Housing LocationWeather Stationsand Air
Quality Reporting Regions

Legend

Private Residential Blocks
Public Residential Blocks
* Weather Stations (Wind)
(\ Weather Stations (Rainfall and Temperature)
Subzone Boundary
I:' Haze Region: Central
I:I Ilaze Region: East
I:l Taze Region: North
I:I Haze Region: South
Kilometers I:I Haze Region: West
Source:
Master Plan 2014 Subzone Boundary (SIIP), Urban Redevelopment Authority, Singapore Open Data Licence, Updated on November 4. 2016.

Notes: The panel data contains monthly aggregated electricity records2@dr private residential
buildings and B36 public residential buildings fromdan2013 toDec 2015. The GIS map shows the
geographical distribution of residential housing in the sample. Residential properties are randomly
distributed among the five NEA air qualitgporting regions (north, south, east, west, and central
Singapore)Geographic bouraty of the five hazeeporting regions, Masterplan subzone boundaries, 39
weather stations (yellow circle) collected daily rainfall and temperature records, and 13 weather stations
(black star) reported wind data.
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Figure 2: Average Daily 24Hour PSI Value from January 1, 2012, to December

31, 2014
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Data Source: Singapore National Environment Agency

Notes: This figure plots the 2dour PSI readings from January 2012 to December ZM& red line
represents the variation of average dailyhddir PSI readings ante blue line stands for tliay-to-day
changes of the average daily PSI measure
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Figure 3: Daily Haze Status and Visibility Measure from January 2012 to
December 2015

Visibility (Scale 0-10)
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Data Source: The Weather Company

Notes: This figure presents the daily visibility level and haze status from 2012 to 2015. The blue line

stands for the visibility measure, which ranges from 0 to 10, whéndicates no visibility and 10

indicates very clear visibility. Thered linerepre nt s t he number of counts per
weather status reported by The Weather Channel.
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Figure 4: Daily Haze-related Tweets from January 1, 2012 to December 31, 2015
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Data Source: Twitter Inc.

Notes:This figureshows thedaily hazerelated tweets generated bin@apore users during the major
haze episodes in the study periods. The red line represents the daily countsrefdteddweets, and
the blue line represents tHayto-daychange in daily counts.
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Figure 5. Monthly Haze-related Tweets from January2012 to December 2015
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Data Source: Twitter Inc.

Notes: We categorize the Twitter data into three topics: haze, environment, and heafithurdsbiows

the trends of the three topics from 2012 to 2015. Solid lines represent the monthly tweet counts of each

topic, and dashedrlies r epresent tweets with negative emoti on.
keywords: fAhazeo,iafha pysdnldufifrise andp,,a pfioprse ohaze 6. The t o)
includes the following keywoowdsThief co@stcodhiégfail t @d, i
foll owing keywor ds: fflast hmao, f#Abreatho, irespirator
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Figure 6: Short-term Haze Episodes and Estimated Water Consumption
Responses

Panel A. Dynamic Water Consumption Response to Haze Episodes-ilunBd2013

Parameter estimate — --— Lower 95% confidence limit
— — Upper 95% confidence limit

Panel B. Cumulative Water Consumption Response to Haze Episodes-duhdid
2013
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Notes: These figures plot the weekly water consumption trend. Theveglelong haze period
occurring in the third week of June 2013 is identif
to the 13week window before and after June 2013 (week 7' HePa graphs the impact of the ene
week air pollution event over time. Panel B graphs the entire path of the cumulative coefficients
The dashed lines represent the corresponding 95% confidence intervals.
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Figure 7: Distribution of the Parameter Estimates and Tstatistics
with the Random Assignment of Hazy Days
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Notes: These figures show the distribution of parameter estimatesstatistic of falsification tests by
randomly assigning 30 fpl ac e kangecutiva yegrs, and nepeatthenr eac h vy

randomization process over 500 times. The top panel of Figure 7 presents the distributions of the
estimated parameters with random assignment, whereas the lower panel shostatibics of the

falsification tests.
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Figure 8: Long-term Haze Episodes and Estimated Electricity Consumption
Responses
Panel A. Dynamic Electricity Consumption Response to Haze Episodes in Sept and Oct

2015
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Panel B. Cumulative Electricity Consumption Response to Haze Episodes in Sept and
Oct 2015
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Notes: This figure plots the dynamic response of electricity consumption to thmdwih long haze

shock, for a sevemonth window. Panel A graphs the dynamic monthly electricity consumption, and

Panel B shows the montb-month cumulativeesponses of experiencing such ldagn haze episodes.

The dashed lines represent the corresponding 95% confidence intervals. The two months with the haze

shocks are coded usingthe ye@ao nt h vari able with the corresponding
206) and A6690 (October 2015) .
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Appendix

Table Al: Weather Conditions Summary Statistics for Pscore Matching

Panel A. Weather conditions of the treatment and control groups (before matchin

Two-sample T Test with Equal Variances

Control Group Treatment Group

Variables Observations  Mean Observations  Mean Mean Diff
Temperature 3319151 28.475 265444 29.646 -1.171%+*
Humidity 3319151 0.762 265444 0.7 0.061***
Visibility 3309470 7.447 264020 7.087 0.360***
Pressure 3319151 578.702 265444 846.399 -267.697*+*
wind Speed 3271963 8.735 258975 9.315 -0.580***
Rain Staus 7807358 0.115 731498 0.055 0.060***

Panel B. Weather conditions of the treatment and control groups (after matching)

Two-sample T Test with Equal Variances

Control Group Treatment Group

Variables Observations  Mean Observations  Mean Mean Diff
Temperature 1036 29.356 256006 29.713 -0.357***
Humidity 1036 0.719 256006 0.696 0.023***
Visibility 1036 7.638 256006 7.116 0.523***
Pressure 1036 841.106 256006 846.06 -4.954
Wind Speed 1036 9.53 256006 9.321 0.209
Rain Status 1036 0.198 256006 0.156 0.042***

Notes: We perform nearest neighlmoatching with replacement based on the compptefdensity score

to pair the treatment and control samples. This table reports the summary statistics of the treatment and
control samples, both before and after the neamegihborhood propensity score matching. The
treatment sample consists of hourly periods witth@dr PSI readings over 60 from 2012 to 2014. The

PSM significantly reduces the pasiatching differences between the treatment and copéradds in

all obsevable weather conditions.
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Table A2: Electricity Consumption and Emotional Changes Expressed by
Twitter Users

Dependent Variable: In(Average
In(Electricity Consumption) Negative
Emotion)
In(-Average Negative Emotion Scorc  0.122***
(0.00609)
Constant 6.383***
(0.00647)
Observations 237,144
R-squared 0.842
Building FE Yes
Year FE Yes
Month FE Yes

Notes: Thistable presents the results of estimating Equation (1) using the emotion score as an
independent variable. We analyze the contents of each tweet using sentiment analysis techniques and
give each tweet an emotion score, which ranges ffiota 1. We includéweets with negative scores in

the analysis and take the absolute value of the negative score. Year, month, and building fixed effects
are included in all regressions. Robust standard errors are reported in parentheses under the coefficient
estimates andre clustered at the building level. *Significant at the 10 percent level; **significant at the

5 percent level; ***significant at the 1 percent level.
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Table A3: Heterogeneity in Housing Price/Sq. m.

@)

(2)

®3)

(4)

Dependent Variable: Below $10,00C  Between Between Above
In(Electricity Consumption) $10,000 and $20,000 and $30,000
$20,000 $30,000
In(meanPSlI) 0.0903*** 0.0877*** 0.0603* 0.0428
(0.00975) (0.00763) (0.0339) (0.104)
In(AirTemperatureMax) 0.0430 -0.194*** -0.383 0.572
(0.0890) (0.0664) (0.236) (0.716)
In(TotalRainfallMillimetre) -0.00994**  -0.00669**  -0.0283*** -0.0147
(0.00336) (0.00276) (0.00968) (0.0235)
In(BrightSunshineDailyMeanHour  -0.0494*** -0.0178 -0.0640 -0.0333
(0.0173) (0.0134) (0.0559) (0.129)
In(HoursMeanRelativeHumidity) 0.542%** 0.438*** 0.636 0.672
(0.136) (0.122) (0.526) (1.453)
Constant 3.430%** 4.618*** 4.921* 1.685
(0.681) (0.635) (2.686) (7.998)
Observations 44,191 86,355 9,105 1,348
R-squared 0.768 0.761 0.789 0.800
Public Housing Dummy 0.768 0.761 0.789 0.800
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Building FE Yes Yes Yes Yes

Notes:This tableprovides the results of a heterogeneous test that show how the effects of exogenous air
pollution events vary with different levels of housing prices. Private housing prices are collected from
REALIS (Real Estate Information System), and HDB prices dteated from Singapore Statistics. We

use the last housing transaction that was recorded in the period from 2013 to 2015 to proximate the
housing value. Year, month, and building fixed effects are included in all regressions. Robust standard
errors are reprted in parentheses under the coefficient estimates and are clustered at the building level.
*Significant at the 10 percent level; **significant at the 5 percent level; ***significant at the 1 percent

level.
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Table A4: Heterogeneity inDwelling Type

Dependent Q) (2) 3) (4) (5)
Variable: 1or 2room 3-room 4-room 5 or executive whole HDB
In(electricity) HDB HDB HDB room HDB building
Subsample
In(PSI) -0.00113 0.0254*** 0.0261*** 0.0248*** 0.0244%**
(0.0104) (0.00274) (0.00140) (0.00137) (0.00156)
In(temperature)  1.334*%** 1.249%** 1.177%*= 1.143%* 1.245%**
(0.180) (0.0562) (0.0286) (0.0281) (0.0317)
In(rainfall) -0.0111*** -0.00236* -0.00302*** -0.00179*** -0.00205***
(0.00405) (0.00134) (0.000668) (0.000645) (0.000764)
In(humidity) 0.0823 0.157** 0.0598*** 0.0106 0.0456**
(0.152) (0.0397) (0.0194) (0.0179) (0.0218)
In(sunshine) -0.0680*** - -0.0616*** -0.0614%** -0.0601***
0.0609%**
(0.0140) (0.00401) (0.00208) (0.00206) (0.00241)
In(wind) 0.00458  -0.00504 -0.0369*** -0.0467*** -0.0388***
(0.0142) (0.00493) (0.00271) (0.00282) (0.00287)
Constant 0.313 0.736*** 1.804*** 2.371%** 2.071%*=*
(0.958) (0.280) (0.137) (0.127) (0.153)
Observations 15,824 89,300 217,782 194,542 318,549
R-squared 0.650 0.662 0.703 0.750 0.913
Year FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
Building FE Yes Yes Yes Yes Yes

Notes:This tableprovides the results of a heterogeneous test that show how the effects of exogenous air
pollution events vary with differemwelling types of HDB flatsYear, month, and building fixed effects

are included in all regressions. Robust standard errorepoeted in parentheses under the coefficient
estimates and are clustered at the building level. *Significant at the 10 percent level; **significant at the
5 percent level; ***significant at the 1 percent level.
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Table A5: Cross-domain Elasticity

In(total water) 1)
VARIABLES Elasticity
In(building_electricity) 0.542**
0.00862
In(medPSI) (0.123)
-0.563
In(AirTemperatureMax) (0.423)
0.00472
In(TotalRainfallMillimetre) (0.0182)
-0.257
In(BrightSunshineDailyMeanHour,  (0.217)
-1.917**
In(HoursMeanRelativeHumidity) (0.777)
0.00862
Constant (0.123)
-0.563
Observations 192
R-squared 0.904
Year FE Yes
Month FE Yes
Building FE Yes

Notes: We construct a subsample of nine HDB building records between January 2013 and December
2014 by merging monthly water consumption data with electricity consumption data. This table presents
the crossdomain elasticity by regressing monthly electyicn total water consumption at the building

level. Year, month, and building fixed effects are included in all regressions. Robust standard errors are
reported in parentheses under the coefficient estimates and are clustered at the building level.
*Significant at the 10 percent level; **significant at the 5 percent level; ***significant at the 1 percent
level.
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Table A6: Sample Construction of Hotel Room Rates and Occupancy Indices

Panel A: Room rates and occupancy aggregated at class segnieday level

Class Segment Population 1 Sample 1 Sampling
(Total Rooms) (Total Rooms) Fraction
Luxury 11,428 9,543 83.5%
Upper Upscale 17,261 15,022 87.0%
Upscale 14,890 8,907 59.8%
Total 43,579 33,472 76.8%

Panel B: Room rates and occupancy aggregated geéographic regioni day level

Central Region ?I%Ft)glla:gg?ré) (T(?tzrlnlglc?orzns) Sgrrgstliigr?
Marina Bay 17,098 12,749 74.6%
Sentosa 3,324 2,293 69.0%
Orchard 13,347 10,507 78.7%
River Valley 8,462 5,274 62.3%

Total 42,231 30,823 73.0%

Notes:This tableillustrates the marketide room prices index and the occupancy index of two datasets
used in the empirical analysis. Panel A presents the daily level room rates and occupancy level
categorized by hotel class. Panel B shows the daily hotel performageatpaphic area.
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