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ABSTRACT

This paper employs a two-stage residential somimgief to examine climate change
impacts on residential location choices in the DUlse estimated coefficients are used to
simulate population changes and US migration patacross regions under hypothetical
changes in climate. The main dataset used for astmis the Integrated Public Use
Microdata Sample (IPUMS), which provides demographcharacteristics of
approximately 2.4 million households located in 28@tropolitan Statistical Areas
(MSAs) of the US in the year 2000. Projected clendata (i.e. extreme temperatures)
used for simulation are obtained from the North Ao Regional Climate Change
Assessment Program (NARCCAP). In the estimation pmrant, a two-stage random
utility sorting model (RUM) is employed. The firstage discrete choice model employs
a multinomial logit specification to recover hetgeoeous parameters associated with
MSA specific variables, migration costs, along wille mean indirect utility of each
MSA. In particular, the interaction terms of tengatere extremes and individual-specific
characteristics, such as one’s birth region, age extucational attainment, are used to
recover valuations of temperature extremes forethfit classes of people with
potentially different preferences. The second stfgiis model decomposes the mean
indirect utility obtained from the first stage intts MSA-specific attributes controlling
for unobservables using region fixed effects. Miigra costs are statistically significant.
If migration costs are high, individuals are lekelly to relocate for the sake of moderate
changes in weather extremes. In the simulation oompt, the estimated coefficients are
used to simulate population changes across regiaime US under hypothetical changes
in extreme temperatures. We find that extreme teatpee and extreme precipitation
reduce utility, and people’s preferences for terapge extremes are heterogeneous. The
climate of one’s place of birth and demographic rabteristics such as age and
educational attainment, are significant factord tead to preference heterogeneity. In
addition, we find that population share in the $eut region and California drop, while
population share in Northeastern region increasderhypothetical changes in climate.

2 Qin Fan is the corresponding author at: DepartroeAgricultural Economics and Rural Sociology, The
Pennsylvania State University, 309 Armsby Buildibgjversity Park, PA, 16801, USA. Email address:
qufli0l@psu.edu

% Sorting model is based on the logic of sortingdedolds into local jurisdictions where they maxieniz
utility and obtain a desired level of public goods.
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1. Introduction

The Intergovernmental Panel on Climate Change (lP@®Gjected that average

surface air temperature has increasedi@y’ C since 1900 and the sea level will rise by
0.6-1.6m by 2100 (IPCC, 2010). Projected climatangje will directly reduce extreme
cold days, but increase extreme heat days. Extexmets such as tornado, drought, and
flood will occur with a higher probability each yeas a result of climate change (IPCC,
2011). It has been recognized that there is afgignt economic loss associated with
temperature extremes. For example, extreme heathendatural disasters that result
from it (e.g. drought and tornado occurrences) l@alhrge economic costs in different
sectors such as transportation, agriculture, eneagy public health. In contrast, the
aggregate effect of extreme cold on public heatfound to have higher costs and long-
lasting impacts than effects of extreme heat. Derset and Moretti’s (2007) find that the
mortality rate attributable to extreme cold roughlypounts to 1.3% of average annual
deaths in the U.S. over their sample period, wfile increase in mortality rate
attributable to extreme heat is much lower andrtigact is short-lived.

Impacts of changes in weather extremes, such asnexttemperatures and extreme
events have not been well examined in previousalilee. For example, most previous
studies examine climate change impacts on locatiaice in terms of mean temperature
(e.g. Timmins, 2007), but few studies estimate peEspsaluation of climate change in
terms of weather extremes. The empirical resultspeaple’s valuations of climate
change in terms of weather extremes can providdeace for analyzing the cost
effectiveness of relevant climate change policggticularly those aimed at reducing
economic costs from the negative impacts of clinextieemes. More efforts are needed,
therefore, to study the impacts of temperaturesexés that reflect climate variability and
extreme events that have low-probability but camseasubstantially large damages.

Heterogeneity in regional impacts is a key componenstudying the effect of
weather extremes on residential location choiceasesclimate change impacts are
heterogeneous across both regions and individiéésm regions in the U.S. may be
negatively affected by an increase in extreme Hags$ under climate change, while cold
regions may benefit from reduced extreme cold digstors such as different climates
of individuals’ birth places, one’'s age and mopilithoices may lead to preference
heterogeneity. For example, people born in coldoregare potentially more sensitive to
extreme heat, while those born in hot regions atergially more sensitive to extreme
cold. Older individuals after retirement may religcéor the sake of nice amenity and
pleasant weather, and it is possible that theyrayee sensitive to temperature extremes
than young people. Highly educated people (e.degelgraduates) are more mobile, and
they have more options to move than those withallege degrees. Changes in
temperature extremes may have a greater impadgbtymobile people.

To better address these issues, this paper prese@aisalysis on how climate change
affects where people choose to live in terms oftheraextremes. In this paper, we allow
for preference heterogeneity across individualsi$otg on factors such as the climate of
one’s birth place, an individual’'s age and educatievel. This paper employs an
empirical Tiebout sorting model that has been wideded to analyze the demand for
public goods across space. The equilibrium sontoglel used in this paper models the
way households sort into local jurisdictions to maixe utility and obtain an optimal
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level of local public goods given prices and thealon choices of other households.
There are two main types of sorting models: (1)epehiaracteristics, which requires all
households to have the same ordering of preferemtess locations (homogenous
preference within communities with the same ordgwh preference); and (2) random
utility sorting (RUM), which allows preferences fattributes to vary distinctly across
households. We employ the latter model in this page we believe preference
heterogeneity is likely to be important in undemstiag the impacts of climate change.
For a further discussion of sorting model, see Kwofii(2009).

In order to understand the relationship betweematk change impacts, migration,
and household location choice, this paper incotpsranigration costs while examining
the tradeoff between the gains from local amendias the loss in real income associated
with migration. After incorporating migration costie true value of climate amenities is
expected to be higher than what has been showhencase where free mobility is
assumed. Intuitively, if migration costs are higkepple are not willing to migrate for the
sake of a moderate change in amenable climatendinidual’s valuation of climate (e.g.
willingness to pay to reduce frequency of tempemektremes and number of tornado
watches) must be higher when migration is costlyider to give individuals more
incentive to move. In this sense, the results feamventional hedonic model with free
mobility may be misleading when migration costs significantly high. In addition, we
simulate population changes across five regionthénUS under changes in extreme
temperatures projected in the year 2065, basedsbomated coefficients and projected
temperatures. We find that population share in Mugtheastern region increases as
extreme cold days decrease under climate change.

This paper tests the hypothesis that changes matdi extremes (i.e. extreme
temperatures, extreme precipitation, and tornadmukencies) negatively affect an
individual's location choice on where to live. Wis@ estimate the magnitude of these
impacts by allowing for preference heterogeneityl anigration costs. Changes in
population shares across regions in the US areigieedunder changes in extreme
temperatures.

Results suggest that climate change in terms oEeds have negative impacts on
household location choice. In addition, we find tthadividuals’ preferences are
heterogeneous. People born in relatively cold regi@.g. Northeast and West) are more
sensitive to extreme heat than people born in wamegions (e.g. South), while those
born in California are more sensitive to extremkl ¢ban people born in other regions.
Besides the climate of one’s birth place, demographaracteristics also contribute to
preference heterogeneity. People over 65 yearsafikl retirement generally favor
pleasant amenity, and therefore are more sensdiegtreme temperatures than younger
people. Weather extremes have larger impacts orottaion decisions of individuals
with higher education levels (i.e. college gradsat®©ne reason might be that college
graduates may have more options to move and arefohe more mobile than those
without college degrees.
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2. Literature Review

The traditional framework of non-market valuatiomshits roots in the early
theoretical papers, which estimate marginal vabmativithout considering spatial
relationships (e.g. Rosen, 1974). In the 1990sehm$1988) incorporated spatial effects
(e.g. spatial dependence, spatial autocorrelatson spatial heterogeneity) into the
hedonic model. Although the first-stage hedonic etothat estimates marginal
willingness to pay (MWTP) for public goods has b&adely used and spatial effects are
captured to some extent in the hedonic frameworoWB, 1980; Smith, 1985; Irwin,
2002), there are several limitations. Since thet Stage of the hedonic model estimates
an aggregate preference instead of each individmagehold, it is impossible to estimate
the difference in valuations across householdsidBeghat, there is a strong assumption
in the hedonic model that mobility is costless, aithis not the case in reality. In addition,
there are econometric challenges to identify demamdttions in the second-stage
hedonic model. Therefore, it is difficult to estimaron-marginal valuation through the
hedonic model.

Residential sorting models, which were developedr aecent years based on the
logic of Tiebot sorting, have the potential to amane several of the limitations
discussed above (Epple, et. al. 2001; Walsh, 2006mins, 2007; Bayer et. al. 2009).
The Tiebout sorting model assumes that househadsirgo local jurisdictions where
they maximize utility based on housing propertyilityt characteristics, and local
attributes. Empirically, this model is often categed into pure characteristics and
random utility model (RUM). The former assumes thtthouseholds have the same
ordering of communities, while the latter allowsukehold preferences to vary distinctly
over each household and space (Klaiber, 2010).eftve, the horizontal sorting model
may be preferred when preference heterogeneitypatentially different rankings of
commodities are desired. Besides the advantageapituring preference heterogeneity,
the RUM sorting model can relax the assumptionreé fmobility and can incorporate
migration variables that are left out of hedonicdals. To allow for migration costs,
Bayer et al. (2009) use a sorting model to estilW®TP for air quality by using
dummy variables that indicate whether an individmalves out of one’s birth place. In
this paper, we use a RUM model that incorporatésrbgeneous preferences towards
changes in climate by allowing for migration coststerms of estimating non-marginal
value, sorting models can simulate the welfare cédfeof non-marginal changes in
attributes, which is challenging in the hedonierfeavork (Timmins, 2007).

Another important motivation of our research isttimst previous studies examine
climate change impacts on location choices in teohsnean temperature and mean
precipitation (Timmins, 2007). Although there amne studies that examine impacts of
climate change in terms of weather extremes oncaltpral output (Deschenes and
Greenstone, 2007) and public health (Deschenedanetti, 2007), there are few studies
that examine impacts of climate extremes on mignaind household location choice.
The study conducted by Poston et al. (2009) isafnde few examples. In this study,
authors examine the effects of climate on threeraign variables (in-migration, out-
migration, and net-migration) by incorporating v climate variables including
extreme heat days and extreme cold days. They aderfanalysis to define a new
variable TEMPERATURE as a climate factor, whichaeus for the variance in these
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eleven correlated climate variables. They find thas climate factor is positively
correlated with in-migration and net-migration sagad is negatively correlated with out-
migration rate. This study, however, does not aersipreference heterogeneity and
migration costs in migration decisions. Ignoringisttheterogeneity may lead to
incomplete or at worst invalid inference. Huht&2@Q0) use both the parametric and non-
parametric methods to verify the importance of rpooating heterogeneity in valuation
analyses of public goods. He finds that ignoringetegeneity leads to a biased WTP
estimates, and the bias tends to be significamtlgel in parametric estimation. In our
paper, we not only examine climate change impanthausehold location choice in
terms of weather extremes, but also consider peber heterogeneity that is critical for
assessing the potential responses of differentpgrai people to changes in extreme
temperatures.

3. Theoretical Model

A two-stage random utility sorting model is usecestimate the valuation of weather
extremes controlling for migration costs. A sortimgdel captures the process by which
households sort into different jurisdictions asytseek to maximize utility and obtain an
optimal level of public goods. The first-stage dite choice model employs a
multinomial logit specification to recover heterogeus parameters associated with
MSA specific variables, migration costs, along wille mean indirect utility of each
MSA common across households. In particular, theraction terms of temperature
extremes and individual-specific characteristiasgchs as one’s birth region, age and
educational attainment are used to recover valstiof temperature extremes for
different classes of people with potentially diffiat preferences. The economic variable
(i.e. service wage rate) is interacted with onegaational attainment (i.e. college degree)
to examine the preference difference towards serviage rates between college
graduates and those without college degrees. A duvamable that indicates whether an
individual migrates out of his/her birth regionused to recover long-term psychological
costs of moving away from family roots. Immigramiiee excluded in this study. MSA
fixed effects are incorporated in this stage t@vec the mean indirect utility—aquality of
life—for each MSA. In the second stage, we decomptte mean indirect utility
recovered from the first stage into MSA specifitibtites, such as economic activities,
entertainment, natural amenities, and climate méeincluding temperature extremes,
precipitation extreme, number of tornado watched,so on.

Following the methodology of Bayer et al. (2009g wse a simple version of this
model to develop our theoretical framework. Thedheathe household i is assumed to
be the decision maker who chooses a specific lmtaji to live along with the
consumption of utility characteristics and housipgoperty. Each location | is
characterized by local attributes such as econamsitvities, entertainment, natural
amenities, and climate. Each decision maker chotsestion j to maximize utility
subject to a linear in income budget constrainteWmigration costs are incorporated,
there is an additional term entered into the wtifitnction that includes psychological
costs of moving away from one’s place of birth. fleamove to a location where they
achieve maximum utility and a desired level of jpuigloods. A locational equilibrium is
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achieved if nobody has an incentive to move givecep and the location decision of all
others. The general function is defined as:
max U(Ci’Hi’Zj’Mij)St'Ci+10jHi:lij (1)
{Ci Hi ,Xj}
wherecC; represents commodity demanded by individudd,i,represents the quantity of
housing services demanded by individuak j, represents MSA specific attributes;;

represents whether a specific location j is outimdividual i's place of birth,
pj represents housing price index for each location js an individual i' income in

location j which we predict using an income regi@sslescribed in the Section 5.2.
4. Data

The main dataset used for the empirical analysi®htained from Integrated
Public Use Microdata Sample (IPUMS), which comprs&% microdata sample from
the 2000 US Population Census. There were 2,41 haa8eholds who lived in the 283
Metropolitan Statistical Areas (MSAs) of the U.8.this sample. Assuming the head of
household is the decision maker, we focus on hisdeenographic factors. The main
dataset contains housing attributes (Appendix A)) @@mographic characteristics of head
of household (Appendix B). The IPUMS dataset alsaviges information on the birth
state of each head of household, which allows ugdate a migration dummy variable
that indicates whether location j is out of the che@d household i's birth region. The
dataset is used in the first-stage sorting modeickvrequires a two-dimension matrix for
each variable: the row dimension has 2,417,253rgh8ens that represent households,
while the column dimension has 283 observationsrd@esent MSASs.

MSA-specific amenity and disamenity data that aedun the second-stage sorting
model are obtained from a variety of sources. WeI283 observations, one for each of
the 283 MSAs. Wage rates by sector are obtaineoh filoe U.S. Bureau of Labor
Statistics. Total establishments of arts, entemaint and recreation, and water area at the
MSA level are obtained from the U.S. Census. (OpBee statistics are presented in
Appendix E). Climate data that includes snowfalid anumber of tornado watches are
acquired from National Climate Data Center (NCD@). particular, downscaled
temperature and precipitation data (1/8 degreeapasolution) are used to calculate
extreme heat days (annual number of days with dagdyimum temperature above 90F),
extreme cold days (annual number of days with dailyimum temperature below 32F),
and extreme precipitation day (annual number okdaigh daily maximum precipitation
over 1 inch) (Maurer et al., 2002)We use ArcGIS to intersect gridded data with each
MSA, and calculate the arithmetic mean value ofeedance days for each MSA (the
map is shown in Appendix D).

The projected temperature data is obtained fromtiNémmerican Regional
Climate Change Assessment Program (NARCCAP). Waimlbhe projected data from
runs of the Canadian Regional Climate Model (CRCamg we count the mean extreme
days in the projected 5-year period (2061-2065thBixtreme heat days (mean annual
number of days with daily maximum temperature ab®0Q€&) and extreme cold days

* Gridded data on temperature and precipitatioreexéss were provided by Rob Nicolas from Department
of GeoSicence at the Pennsylvania State University.
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(mean annual number of days with daily minimum temapure below 32F) are counted
from daily maximum and minimum temperature datasTemperature data (1/2 degree
spatial resolution) is interacted with polygonsttiepresent MSAs on the ArcGIS map.
The arithmetic mean values of the projected extréeneperatures for each MSA are
calculated. We divide the U.S. into five regionse.(iCalifornia, South, Northeast,
Midwest, and West). The division of these five ogg matches economic regions from
the U.S. Census with the U.S. Department of Agticel (USDA) Plant Hardiness Zones,
which are directly connected to different climafdppendix F). Summary statistics that
describe the projected extreme data by regionrarers in Appendix F.

5. Empirical Modéel

5.1 Two-Stage Sorting M odel

We follow the model framework by Bayer et. &0Q9), and add the interaction
terms of each individual’'s characteristics and Wweaextremes (both extreme heat days
and extreme cold days), along with the interactenm of college graduates and MSA-
specific service wage rate in the utility functiorhe utility function for household i in
location j is defined as:

g ﬁ'T(HHi XTj)+ﬂW (EDU; XWi )+ BrmMii +& +1ii
= 7417 edul E0 VW] )TAmM <)+
U, =C/eHMZxe™
s.t. budget constrainC; + p;H; =1 2)
where C, represents the numeraire good consumed by an dhdivi, H; represents the
quantity of housing serviceg,; denotes local attributes including economic atési

entertainment, natural amenities, extreme tempestuextreme precipitation, and

number of tornado Watches;HHfq represents demographic factors of the head of

household i, and g represents different types—bighion, age, and educational
attainment.Tj includes both extreme cold days (annual numbeatags with minimum
daily temperature below 32F) and extreme hot daymyal number of days with
maximum daily temperature above 90F) in a sped®f8A |; epu; represents whether
the head of household i is college graduatesepresents service wage rate in MSA j;
Mj
region. Five regions are defined as shown in Appefd¢; captures the MSA-specific
unobservablesy), represents an individual-specific idiosyncratic poment of utility

that is assumed to be independent of mobility castsMSA-specific characteristics. We
assume that this idiosyncratic error term is inceleatly and identically distributed type
| extreme value, and the multinomial logit modelig®d in the first stage of our model.

In appendix G, we derive both the first-stage aadond-stage equations along
with the calculation of the coefficient of housipgce index. Equation (3) is the linear in
log random utility model (RUM) derived for the firstage sorting model. (Also see
equation G.7 in appendix G):

is a dummy variable which indicates whether a $igelISA is out of one’s birth



Paper Submitted to AAEA Conference-2012 May 29, 2012

anij = |nVij +17; =4 1In lAij + %ﬁ;(HH;xTJ)"' a(EDU, xvvj)+:BmMij +0,; +1 (3)
q=1
whered; =-g,In p; + B,InZ; + B.CLIMATE +¢; (4)

where fij is the predicted income for each household hgeadsibly living in each of the
283 MSAs j; The details on how to obta?ipis shown in the section 5.8 is the MSA

fixed effects (i.e. coefficients of alternative spie constants), which is interpreted as the
mean indirect utility for each MSAy; is the idiosyncratic error term. Previous studies

have demonstrated the importance of including rditgre (location) specific constants to
recover mean indirect utility that captures unobables (Bayer et al., 2009; Bayer and
Timmins, 2007; Klaiber and Phaneuf, 2010). An is@n of unobservables controls for
location-specific omitted variables. It also cobiiies to a clean identification of
heterogeneous parameters in the first stage ahgartodel. This tern®;includes both

MSA-specific observables and unobservalfleas shown in equation (4). These
observables include housing price inggx MSA-specific attributesZ; (e.g. wage rates
by sector, entertainment, and natural amenity),eénd climate extremeSLIMATE;

that include extreme heat days, extreme cold dastseme precipitation, and number of
tornado watches. Other variables are the santeoas tisted below equation (2).
According to the logic of the sorting model, indiwals choose their locations
where they maximize utility defined in equation.(3ssuming the idiosyncratic error
term 77; is independently and identically distributed (liBype | extreme value, a

multinomial logit specification is used to calc@athe probability that household i
chooses location j. The probability of choosingalioan j by individual i is:

NV

PNV, >INV, 0j £K) = (5)
Te d
g=1
The first-stage sorting model is estimated by maimg the log likelihood function:
Il =x2Y; In(P(InV; >InV, 0j #k)) (6)
ji

We recover MSA fixed effects (the coefficients oEM specific constants) in the first
stage sorting model. The MSA fixed effects canrtterpreted as the mean indirect utility
of residing in each MSA. From equation G.9 in ampers, we derive the second stage
sorting model, which is also shown in equation @3.we believe the importance of
MSA-specific unobservables that are observed bysaermakers, but are not observed
by researches (e.g. economic activity and highagtfucture), housing price index for
each MSA is endogenous as it is likely to be catesl with these unobservables entered
into the error terng; . Following the methodology of Bayer et al. (2008 move the
housing price index; to the left hand side and include it in the dependariable.

éj +Bninpj = ByINZ + BCLIMATE] + & (7)
where &; is the coefficient of MSA specific constants obtal from the first-stage
sorting model;¢; represents the MSA-specific unobservables thatoanited and are

included in the error term; other variables areetihelow equation (4).
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In the second stage sorting model, this indiredityuis decomposed into its
MSA-specific attributes including climate extreméisat are of our interest, and
unobservables .

5.2. Predicted | ncome

Bayer et al. (2009) argue that income estimatiooukh be used to generate
predicted incoméij that is included in the first-stage sorting moaglshown in equation
(3). This is because a person’s income is likelyaoy across location. In order to obtain
income for every individual possibly living in eaohthe 283 MSAs (i.eIA.ij) rather than
the observed income of each individual living is/her residential location (i.é;), we

need to use income regression to predict incégne
Following the methodology of Bayer et al. (2009)e wstimate the following

income equation:

+ @ yspropj LHSDROP+ a5 grapHSGRAD + 0 sopecor, j SOMECOLL

+QcoLLeranj COLLGRAD + & ®)
where |; represents income of the each household decisekemWHITE represents
whether the head of the household is white or whit¢ = 1, non-white = O)MALE
represents the gender of the household decisiorem@ALE = 1, FEMALE = 0),
AGE > 60represents whether the head of the household isr althn 60 years old,
HSDROPrepresents education level--high school dropbl8GRAD represents high

school graduate, SOMECOLL represents college degree (less than four years),
COLLGRAD represents college graduate (four years or met8 DROPis left out and

is included in the constant term in the regresqiee Table B.2 in Appendix B).

Regression results from Table B.2 in Appendix Bvslhlbat people less than 60
years old earn more than those over 60 years cddkedvearn more than females. Whites
have relatively higher incomes. People with higkducation levels have higher incomes.
This regression is used to predict an average iedoneach location for each individual
in our sample. The mean value of predicted incomepproximately $45,071. This
estimated income is close to median income fromUtte. Census in the year 2000,
where the median income of female household detisiaker (no husband present) is
$28,116, and male household decision maker (no présent) is $42,129 (DeNavas-
Walt et al., 2000).

5.3. Housing price index

A hedonic housing price model is used to obtainhitxesing price index (denoted
asp;) for each MSA that is included in the second stageing model as shown in

equation (7). The hedonic housing price model fgdd as:

10
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InB; =Inpj + B Xj +¢; 9)
whereR; is the housing price (only houses that are ownig)are housing attributes

(Table A.1 in Appendix A); j represents each of 283 metropolitan statistical areas
(MSAs) of the U.S.Jnp;is an MSA fixed effects. We control for a bundle hafusing

attributes, such as the acreage of the houseutinber of rooms of the property, the year
then the house was built, etc.

These MSA fixed effects provide a consistent messant of the estimated price
of a homogeneous unit of housing services in aiquéat MSA, which serves as a
housing price index for each MSA. The housing @iitdex for each MSA is obtained
through the hedonic housing price regression. Byinge out the implicit values of
housing attributes, housing price indices are coaipa across MSAs. We take the
exponential of the MSA fixed-effects from the reésidhown in Table A.2 of appendix A,
and obtain the mean housing price index for eaciM@hich is approximately $16,531.
The scattered graph in Figure A (Appendix A) shaleg California has a relatively high
price index, which is consistent with our expectati

5.4. Predictions of Population Changes

We use extreme temperature data (both extremedagatand extreme cold days),
respectively, in the base year 2000 and the pejiestyear period (2061-2065) to predict
population changes between the year 2000 and 2@@&r ¢hanges in climate. Due to the
instability of a single-year projected data, we tls® mean of five-year projected data
from the year 2061 to 2065 instead of a single-yeajected data. The projected data is
from runs of the Canadian Regional Climate ModdR(@3/), which is consistent with
IPCC business-as-usual A2 scenario. The followimgbability equation based on
multinomial logit specification is used to predchanges in population shares across
regions under changes in extreme temperatures:

. Q S S
By Inijt + zlﬁa (HHbe))+BEIUW EDU W] )+ BrMije +0 )¢
q:

. e
R (INVy >InV, 0j # k) = — ) ) (10)
S A T AL (HAGe y+aE W EDULW ) A O
e =L

=1
whereo@, =-8,Inp, +B,InZ, + BCLIMATE, +¢,
where i represents household i, j represents M3Agspectively represents respectively
the starting point where t = 2000, and the endiamtpwhere t = 2065'l'tj represents

both extreme heat days and extreme cold days in M8&&her variables are the same as
those described below equations (3) and (4).

In the simulation, housing price indgx, , income measurg, , and wage rates
w' are assumed to change exogenously with a fixedyy@arease rate 2% (Maurer,

2008). We assume that new generation replaces Ithgemeration, and demographic
components in 2065 stay the same with those iry¢lae 2000. In my future research, |
will endogenize labor supply and wage rates in mpmatable general equilibrium (CGE)
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model. In addition, a few assumptions will be reldxoy using sensitivity analysis of
changing educational attainmesi; and migration Ccosts,, .
The probability of choosing MSA | is aggregatedrégional level—Northeast,

Midwest, South, West, and California by adding Uy tweighted probabilities of
choosing MSA j that belongs to region r.

P, =z (weightjt x Pjt)z x [ POPy PjtJ =3 (%xig F’ijtj (11)
ior 1\ pop, jor pop, Ni=
where r represents one of the five regions in th8.; represents one of the 283 MSAs; t
respectively represents starting point in the Y€80 and ending point in the year 206%is the
probability that region r is chosef, is the probability that MSA j is choseR; is the

probability that the head of household i chooseANI&s shown in equation (10); N is

Pt

o]
total number of individuals in the data sampleight, = P , which represents the

weight of each MSA j within region r based on p@iain size in the year tpop, is the

total population in MSA j in the time period t, anmmbp, is the total population in region r
in the time period t.

6. Empirical Results
6.1. Results from Two-Stage Sorting M odel

Table 1 shows the parameter estimates from thiestiage sorting model. Marginal
utility of income is 1.00. This coefficient is uséal calculate the coefficient of housing

price indexp; . (See equation G.11 in Appendix G). Results from same table show

that people over 65 years old are more averse terag temperatures than younger
people. College graduates are expected to be molelenand have more options to
move than people without college degrees. Highlpireandividuals are the more averse
to temperature extremes than people that are lebgenPeople born in cold regions (e.g.
Northeast) are more sensitive to extreme heat thase born in the warm regions (e.g.
South), while those born in California are mores#gre to extreme cold than people
born in other regions. One reason may be that pefopd the weather that is similar to
their hometowns more amenable. The migration duraamable that indicates whether
location j is out of an individual i's region isgsiificant. The coefficient of this variable
recovers migration costs in terms of utility. Spieeily, there is a significant utility cost
associated with leaving one’s birth region, whish-2.0926. The mean indirect utility
recovered from the®1stage sorting model in terms of the coefficierftddSA specific
constants are displayed in the scatter plot in AdpeC (selected MSAs). The mean
indirect utility of residing in Los Angeles rankspt one, which indicates that quality of
life in Los Angeles ranks the highest, and thisituttomprises all of the MSA-specific
attributes in Los Angeles that are common to alidetholds.

12
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Table 1. Parameter Estimates from First-Stage Sorting M odel

Dependent variable: location choice (1 or 0) (multinomial logit)

Variable Variable Description Coefficient
Ln(predicted income) Marginal Utility of Income 1.0000***
(0.0053)
Collgrad*Service_wage College graduates*service wage 1.4378***
(0.0144)
M_Macro_Region Migration dummy variable which -2.0926***

indicates whether a specific MSA j
is out of an individual i's birth (0.0016)
macro region

Age 65 Hot Age dummy variable which -0.0076***
indicates whether a household head
i is older than 65 years old (1if  (0.0005)
>=65, 0 if <65)* Extreme Hot
(mean number of days with
maximum temp 90 degrees F or
more/10)

Age 65 Cold Age dummy variable which -0.0316***
indicates whether a household head
i is older than 65 years old (1if  (0.0004)
>=65, 0 if <65)* Extreme Cold
(mean number of days with
maximum temp 32 degrees F or
less/10)

Collgrad_Hot Education dummy variable which -0.0268***
indicates whether a household head
i has four-year college degree or (0.0007)
above (1 if college graduates, 0
otherwise)*Extreme Hot

Collgrad_Cold Education dummy -0.0305***
variable*Extreme Cold
(0.0005)
Northeast*Hot Whether a household head i was -0.0286***
born in the Northeast macro-region
(1 if yes)*Extreme Hot (0.0004)

South*Hot Whether a household head i was -0.0175***
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born in the South macro-region (1 (0.0003)
if yes)*Extreme Hot

West*Hot Whether a household head i was -0.0494***
born in the West macro-region (1 if
yes)*Extreme Hot (0.0006)

CA*Hot Whether a household head i was -0.0311***

born in California
(0.0007)

CA*Cold Whether a household head i was -0.0289***
born in California (1 if
yes)*Extreme Cold (0.0006)

The size of matrices: 2,417,253 households(row)¥2&As(columns)

Notes: MSA fixed effects, which are interpretedtas mean indirect utility for each of the 283 MSAsg not listed in
this table. A scatter plot is shown in AppendixMddwest is left out as a reference while interagtiirth region with
extreme heat days.

In the second stage sorting model, the mean irtditdity for each MSA is added
to an additional term computing the housing pricdek for each MSA to form the
dependent variable. (See equation (7) in sectionThle second-stage results in column
(1) of Table 2 show that extreme cold is negatiggnificant, which is consistent with
our expectation. The aggregate effects from botineme heat and extreme cold are
negative after we combine coefficients from bothatd 29 stages (Table 3). Wage rates
by sector (tax inclusive) are used to measure rtigacts of job opportunities. Service
wage rate is positively significant, and job oppaity tends to be a significant driver in
people’s location decisions. The coefficient of gipéation extreme is negatively
significant, which suggests that precipitation riegdy affects household location choice.
The area of the body of water is positively sigrafit. One explanation is that people
prefer to live near a body of water, such as lakey, and ocean. Total establishments of
arts, entertainment, and recreation per square andepositively significant, and people
generally value entertainment and recreation.

The first column in Table 2 reports OLS estimatresults using robust standard
errors. We do not use IV regression in our papercesthe main variables (i.e.
temperature extremes) that we are interested irexangenous. In order to address the
unobservable effects across locations, a regicdfeffects model is used in the second
stage.

14
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Table 2 Parameter Estimates from Second-Stage Sorting M odel

May 29, 2012

Dependent variable: mean indirect utility from 1% stage of model version (1) in Table 3 + B}, log(price) ,
where By = ) (pJ H; /Iij )= 1* (7767 /145070 = 0.3942

Variables

OLS

(robust standard error)

Regional fixed effects (5 macro
regions)

)

@
Extreme Hot -0.0140 -0.0278
(mean number of days with maximum
temp 90 degrees F or more/10) (0.0229) (0.0211)
Extreme Cold -0.0375* -0.0278*
(mean number of days with minimum
temp 32 degrees F or less/10) (0.0185) (0.0101)
Ln(Construction wage) ($000s) 0.0749 0.03500
(0.4090) (0.4772)
Ln(Production wage) ($000s) -0.0830 0.1270
(0.1964) (0.2378)
Ln(Service wage) ($000s) 2.9635*** 2.6279%*
(0.7418) (0.4778)
Annual days of precipitation with daily  -0.0438* -0.0298*
maximum over 1 inch
(0.0164) (0.0178)
Annual snowfall -0.00079 0.0035
(inches)
(0.0024) (0.0029)
Annual # of tornado watches -0.0136 -0.0019
(0.0139) (0.0114)
Water area (square miles) (00s) 0.0420** 0.0362***
(0.0167) (0.0113)
Total establishments of arts, 0.5736** 0.6592**
entertainment, and recreation per square
mile (0.2895) (0.113)
R-square 0.3329 0.4147

Observations: 283

15
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The marginal willingness to pay (MWTP) to reducealiidnal extreme day is
calculated by multiplying the regression coeffi¢ge(the ratio of coefficients of extreme
temp and income, which is called WTP elasticity)rbgan household income $45,071.
One example is shown in Appendix H. Since extreemeperature days are scaled in 10
days, MWTP to reduce one extreme temperature déngrsdivided by 10.

Table 3 Estimated Marginal Willingnessto Pay (MWTP) for Temperature Extremes

OLS (robust std. err.) Region fixed effects
(1) (2)
Extreme Extreme
Measures precipitation precipitation
Extreme Extreme (daily Extreme heat Extreme cold (daily
heat cold LY o7
precipitation precipitation
over 1 inch) over 1 inch)
Coefficients
of extreme | -0.0376 -0.0512 -0.0438 -0.0514 -0.0415 -0.0298
weather
MWTP to
reduce
additional
extreme $169 $231 $1,970 $232 $187 $1,340
weather day
(%)

Notes: The marginal willingness to pay (MWTP) tduee one extreme day is calculated by multiplying

the regression coefficients (the ratio of coeffitgeof extreme temp and income, which is called WTP
elasticity) by mean household income $45,071. O@engle is shown in Appendix H. Since extreme heat
days and extreme cold days are scaled in 10 dayéTRIto reduce one extreme temperature day is then

divided by 10.

6.2 Prediction in Population Shares

The aggregated probability by region based on temua10) in section 5
represents the predicted population share in ontheofive regions. Column (5)-(7) of
Table 4 shows changes in predicted population shaceoss five macro-regions by
comparing population shares calculated betweenbtme scenario without climate
change and the one with climate change. Columno{lYable 4 presents the base
scenario. Three climate change scenarios are listedolumn (2)-(4). These three
scenarios, respectively, represent the scenarictizanges only the extreme cold matrix,
the one that changes only the extreme heat matnd, the one with changes in both
extreme cold and extreme heat matrices.
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Table 4 Changes in Predicted Population Shares by region in Response to Changes in Temperature

Extremes
Probability Change by comparing the
Probability of choosing a specific macro-region |bgrojected probability (2061-2065) and
different scenarios probability from the empirical model
(2000)
Change Change
Only both both
change extreme extreme
Base extreme Only change cold and Only change Only change cold and
. . extreme heat extreme cold extreme heat
Regions | scenario| cold : extreme : . extreme
(2000) | matrix matrix heat matrix (2061- matrix heat
(2061- (2061-2065) | atrices | 2069) (2061-2065) | atrices
2065) (2061- (2061-
2065) 2065)
1) 2 3 4 (5) (6) )
Northeast | 0.2674 | 0.3175 0.2679 0.3186 0.0501 0.0005 0.0512
Midwest | 0.1491 | 0.1753 0.1477 0.174 0.0262 -0.0014 0.0249
South 0.3315 | 0.3015 0.3309 0.3007 -0.030 -0.0006 -0.0308
West 0.0799 | 0.0704 0.0882 0.0771 0.0095 0.0083 -0.0028
California | 0.1718 | 0.1348 0.1653 0.1294 -0.0370 -0.0065 -0.0424

Results fromTable 4 show that population share decreases irthSaod
California, while population share increases in tNeast under changes in climate
extremes. My next-step research is to input theewagponses to changes in population
shares back into the probability equation (10)eredict changes in population shares.
Wage responses will be predicted from a computgeteral equilibrium (CGE) model.
Population shares are likely to increase in Calimand Southern region due to a higher
wage rates in these regions.

7. Conclusion

This paper uses a RUM sorting model that incotesranigration costs and
allows for preference heterogeneity in temperagxgemes. Results show that people
born in different regions have different preferentewards temperature extremes. For
example, people born in cold regions such as th#hlast and West are more averse to
extreme heat than people born in warm regions sisclsouth, while people born in
California find extreme cold less amenable. Thiskesasense in terms of people’'s
preferences for climates that are similar to tpé&ces of birth. Besides the climate of an
individual's place of birth, other demographic daeristics also have significant
impacts on individuals’ location decisions. We fitftht highly educated people (e.g.
college graduates) are more averse to extreme tatape than individuals without
college degrees. This finding potentially reflettat college graduates have more job
opportunities than those without college degread, these highly educated individuals
become more mobile than people with low educaiwmels. People over 65 years old are
more averse to extreme temperatures. One reasoht b that older people after
retirement relocate to new places for the sakdezgant amenities, and it is possible that
extreme temperatures have higher impacts on tlemtibn decisions. We find that
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migration costs are significant. If migration cost® high, people are not willing to
relocate to the place for the sake of a moderadaghin climate.

Besides climate, other factors such as wage ratdsyal amenities (e.g. water
area), arts and entertainment are significant fagtohousehold location choice. Service
wage rates are positively significant in one’s tama choice. In particular, college
graduates have stronger preferences for higheiceewages. College graduates may
have a higher probability to pursue a businessiib higher wages, and business jobs
are categorized into the service sector. Water asean index of natural amenity is
positively related to household location choice.eTtotal establishments of arts,
entertainment, and recreation per square mile aveasurement of abundance in
recreational opportunities have a positive effectesidential location choice.

One contribution of this paper is that it captupesference heterogeneity, which
allows us to better understand climate change itspan migration and household
location choice by considering preference heteretgracross individuals. This paper
shows that it is not the case that all individusse homogenous preferences, and they
do not have the same preferences for weather egsrelm contrast, our results show that
highly mobile people are more averse to extremegézaiures. People over 65 years old
are more averse to extreme temperatures. Indivddbatn in cold regions are more
sensitive to extreme heat, while those born in waggions are more sensitive to extreme
cold.

In addition, we find that population shares in 8muthern region and California
drop, while population share in the Northeastegiom® gains under simulations in the
climate change scenario. In the future researchyilvdring wage responses to changes
in regional labor supply caused by climate chamgeiced migration, however,
population shares in California and Southern regianlikely to rise due to higher wage
rates. In the next step, we will input climate afp@induced migration (the change in
total population and population by education typedicted from the empirical model
into the computable general equilibrium (CGE) moddéiis CGE model will produce
economic parameters (e.g. wage rates) in resportbéstpopulation changes. Wage rates
produced by the CGE model will be input back irte empirical RUM. Iterations will
continue between the CGE and empirical RUM modald a locational equilibrium is
achieved in the RUM sorting model.
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Appendix A
Table A.1 Data Summary for Hedonic Housing Price Regression
Mean Description
acre_9 0.1417| Acreage of property 1-9 acreages
acre_10 0.02629Acreage of property 10+ acreages
room2 0.0127 | 2 rooms in dwelling
room3 0.0412| 3 rooms in dwelling
room4 0.0850 | 4 rooms in dwelling
room5 0.2026 | 5 rooms in dwelling
room6 0.2350 | 6 rooms in dwelling
room7 0.1739| 7 rooms in dwelling
room8 0.1243 | 8rooms in dwelling
room9 0.1230| 9 rooms in dwelling
bed2 0.0386| 1 bedroom dwelling
bed3 0.2054 | 2 bedroom dwelling
bed4 0.4880| 3 bedroom dwelling
bed5 0.2131| 4 bedroom dwelling
bed6 0.0479| 5 or more bedroom dwelling
unit2 0.0011 | Boat, tent, van, other
unit3 0.7819 | 1 family house, detached
unit4 0.0633 | 1 family house, attached
units 0.0199 | 2 family building
unité 0.0112 | 3-4 family building
unit7 0.0084 | 5-9 family building
unit8 0.0064 | 10-19 family building
unit9 0.0072 | 20-49 family building
unit10 0.0127 | 50+ family building
Noplumb 0.0037 | Dwelling does not contain completehen facilities
Nokitch 0.0027 | Dwelling does not contain compldtenbing facilities
yrl 0.0239 | 0-1 year-old dwelling
yr2 0.0794 | 2-5 year-old dwelling
yr3 0.0793 | 6-10 year-old dwelling
yrd 0.1548 | 11-20 year-old dwelling
yr5 0.1690 | 21-30 year-old dwelling
yré 0.1375 | 31-40 year-old dwelling
yr7 01474 | 41-60 year-old dwelling
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The following Table A.2 shows results from hedomizising price regression.

Table A.2 Resultsfrom Hedonic Housing Price Regression
Dependent Variable: log(housing price)

Coef. Std. Err. T P>t [95% Conf. Interval

acre_9 0.2385740.001115| 213.9 0| 0.2363880.24076
acre_10 0.5042540.002377| 212.12 0| 0.4995940.508913
room?2 0.316785 0.009854| 32.15 0| 0.2974710.336099
room3 0.495023 0.009708 50.99 0| 0.4759950.514051
room4 0.446755 0.009965| 44.83 0| 0.4272250.466285
room5 0.64063| 0.00998664.15 0| 0.6210570.660203
roomé 0.798261 0.010019 79.68 0| 0.7786250.817897
room7 0.948742 0.010045| 94.45 0| 0.9290550.968429
room8 1.086049 0.010081] 107.74 0| 1.0662921.105807
room9 1.309055% 0.010111] 129.46 0| 1.2892371.328872
Bed?2 -0.1169 | 0.005831-20.05 0| -0.12833 -0.10548
Bed3 -0.02974; 0.006033-4.93 0| -0.04156 -0.01791
Bed4 0.056016 0.006135| 9.13 0| 0.0439910.068041
Bed5 0.126727 0.006225| 20.36 0| 0.1145260.138929
Bed6 0.195024 0.006471] 30.14 0| 0.1823410.207707
Unit2 -0.35472| 0.011706-30.3 0| -0.37766 -0.33178
Unit3 0.802728 0.00139 | 577.43 0 0.800004€.805453
Unit4 0.67791 | 0.00202| 335.61 0 0.673951681869
Unit5 0.860843 0.003036| 283.58 0| 0.8548930.866792
Unit6 0.880736 0.003779 233.06 0| 0.8733290.888142
Unit7 0.760116 0.004295| 176.99 0| 0.7516980.768534
Unit8 0.727957 0.004882 149.11 0| 0.7183890.737526
Unit9 0.826935 0.004644 178.08 0| 0.8178340.836036
Unit10 0.981787 0.003685| 266.41 0| 0.9745640.98901
noplumb -0.17694 0.00693425.52 0| -0.19053 -0.16335
nokitch -0.17015| 0.00806[7-21.09 0| -0.18597 -0.15434
yrl 0.470302 0.002587| 181.78 0| 0.4652310.475373
yr2 0.416239 0.001625 256.11 0| 0.4130540.419425
yr3 0.338295 0.001613 209.71 0| 0.3351340.341457
yr4 0.210377 0.001327| 158.57 0| 0.2077770.212978
yr5 0.074306 0.001278) 58.14 0| 0.0718010.076811
yré 0.062975 0.001325| 47.54 0| 0.0603790.065571
yr7 0.061517 0.001288 47.76 0] 0.0589920.064041
Constant 9.7127 0.012808B03.0272| 0 | 9.687627 9.73783

R-square: 0.9976
Observations: 2,417,253
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The following graph shows housing price index inle®8SA (obtained from hedonic

housing price regression)

Figure A Housing Price Index for Each M SA
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Appendix B

Table B.1 Demographic Variable Description

Variable Mean Description
WHITE 0.837 White = 1; Non-white = 0
MALE 0.706 Male = 1; Female =0

AGE>60 0.304 Age>60 =1; Age <=60=0

HSDROP 0.0539| High school dropout

HSGRAD 0.419 High school graduate

SOMECOLL | 0.3998 | Completed some college (not four year dégree

COLLGRAD | 0.127 College graduate

Lntotinc 10.82 Log(total personal income $)

Table B.2 Results from I ncome Regression
Lninctot Coef. Std. Err.| T P>|t| [95% Conf. Intdiva
Age g 60 | -0.32602 0.001126289.64| 0 -0.32823 -0.32381
Male 0.483654 0.001099 440.05 | O 0.4815 0.485808
White 0.169664 0.001403 120.97 | O 0.166915 0.172413
Hsgrad 0.2799480.002316| 120.87 | 0 0.275408 0.284487
Coll 0.632171] 0.002361 267.78 | O 0.627544 0.636798
Collgrad 0.995492 0.002628 378.79 | 0 0.990341 1.000642
Constant 9.835 0.0131 926.36 O 9.8086 9.86

Observations: 2,417,253

Notes: HSDROP is left out and is included in theanstant as a reference of other
education types.
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Appendix C Mean Indirect Utility for 283 M SAs
Mean Indirect Utility for 283 MSAs
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Appendix D Intersect Gridded Temperature Data with M SAs

On the map, polygons represent 283 MSAs. Dots septdemperature data with
exceedance days. The annual number of days witimmax daily temperature above
90F, annual number of days with minimum daily terap#re below 32F, and annual
number of days with maximum daily precipitation ptanch are calculated based on the
arithmetic mean of extreme days in each MSA.
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Appendix E Descriptive Statistics for Site-Specific Attributes

Variable Obs. Mean Std. Dev. Min Max Description

Extreme Hot 283 4.0 4.3542 0 175 mean annual nunabe
days/10 with maximum
temp 90 degrees F or
more (Ed Maurer’'s
downscaled data)

Extreme Cold 283 9.1 5.1862 0 213 mean annual eundf
days/10 with minimum
temp 32 degrees F or less
(Ed Maurer's downscaled
data)

Ln (Construction 283 3.4633 0.1915 2.8707 3.9522 Natural log of

wage) ($000s) construction wage (wage
rates data from the U.S.
Bureau of Labor
Statistics. ($000s))

Ln(production 283 3.2353 0.2479 0.8671 3.7746 Natural log of petidn

wage) ($000s) wage ($000s)

Ln(service wage) 283 3.4375 0.1242 2.9684 3.9174 Natural log of iserv

$000s wage ($000s)

Annual snowfall 283 17.9694 23.5865 0 115.6 Annual snowfall (inghes

(inches) (NCDC)

Extreme 283 7.6 2.9231 1 22 Annual days of

precipitation precipitation with daily
maximum over 1 inch (Ed
Maurer’s downscaled
data)

Annual number 283 8.5018 5.3438 0 40 Annual number of

of tornado tornado watches (NCDC)

watches

Total 283 0.1419 0.3148 0.004 4.227 Total establishmeots

establishments of arts, entertainment&

arts, recreation/land are (in
entertainment, square  miles)  (U.S.
and recreation Census)

per square mile

Water area 283 2.47 5.13 0.0073 39.55 Water area (n square

miles/100) (U.S. Census)
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Appendix F Five Regions Defined

%

Plant Hardiness Zane

ES 5 Regions
=" = O Seuth

S -
E* = O Mortheast
| B (=

= [ West

16 5

7 o
ES = O Midwest
e n !
P = O California
| | | = |
[ MSA
i3 =i

Regions defined by coordinating economic regiorth WiISDA plant hardiness zones:

1) Northeast (CT, ME, MA, NH, RI, VT, NJ, NY, PA2) Midwest (IA, MN, NE, SD,

ND, MT, WY, IL, IN, MI, OH, WI); 3) South (FL, GAAR, MD, NC, SC, VA, WV, AL,
KY, MS, TN, LA, KS, MO, OK, AR, TX); 4) West (NV, &, CO, NM, UT, OR, WA,

ID); 5) California

*AK and HI are excluded due to the unavailabilifypoojected temperature data in these
two states

Table F Summary Statistics of Temperature Extremes by Regions (2000 vs. 2061-2065)

Regions Description | Time Period | Projected Timedeeri

|2000 | 2060-2065

[Mean  Min Max Std.Dev.| Mean  Min Max  Std. Dev.
Northeast Days above 90F | 17 0 77 1989 | 42 17 70 7514
(46 MSASs) Days below 32F | 153 79 177 2005 | 132 6€ 5 16 19.62
Midwest Days above 90F | 12 0 143 2391 | 72 1 181, 8.8
(72 MSAs) Days below 32F | 147 28 200 2841 | 136 84 5 20 24.84
West Days above 90F | 12 0 143 2391 | 61 1 210 62.05
(30 MSAs) Days below 32F | 128 42 194 218 | 149 32 23%69.51
South Days above 90F | 68 1 166 39.96 | 117 40 185 327.4
(111 MSAs) Days below32F | 54 0 167 3831 | 49 1 169 9.4
California Days above 90F | 58 4 129 333 | 118 67 16t24.26
(22 MSAs) Days below 32F | 47 6 136 4202 | 66 31 151 7.98

Source: Data is provided by Rob Nicholas in the@gnent of Geosciences at Penn State University
Data is obtained from NARCCAP, Canadian Regionah@le Model (CRCM)
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Appendix G
Derive the Second-Stage Sorting M odéel
and the Coefficient of Housing Price Coefficient

Maximize utility subject to budget constraint, aptthe Lagrangian expression

— Cﬁc H ﬁhzﬁxqu—lﬁq (HquTl)+ﬂg‘éu(EDu, XWj )+BmMij +&j i +/](| _c p H-)
Gi Hi X i i it
Individuals choose their location j, along with samption ofc; and H; to maximize
their utility subject to a budget constraint.

F.O.C. with respect t€; and H;

5 R (HHT Ty +6 (EDU WG )+ G -+ 47
aa% _ﬂcclﬁc—lH ﬁhzﬁxeq—l -A1=0 (€N))
QT oy W - | +& i
3 Sy (HHGXT )+ By (EDU W, )+ S +¢j 47
aalj =B HACRZe™ *Ap =0 (G2
gj I, =C, +p,H, =0 G3

In equilibrium, individuals must be indifferent anm locations. If not, they would
prefer to move. Hence, | can writg, C;, andljasH;, C;, andl;

ijr i
H.
From (G.1)(G.2) Peli-1
£ C P

From (G.3) C; +p;H; =1,
_AC _ Ay ,01 Hu) =:q1|ij =P BnHjj

ij

,Bcp] ﬂcpj 'BC'OJ
(B.p; +B.p))H; =51,
Hij :Ai
Be* B P (G.4)
SubstituteH;; into equation (G.3)C; = 7 B ,6’ (G.5)
h c
Plugging (G.4) and (G.5) into utility function, tivedirect utility function is obtained:
— :Bc B :Bh Iu ﬁ’h ,6’ qzlﬁT(HH TJ)W&U(EDU X A €5+
V. = | )Pe —Eh X
e T e

Q
b ﬁq(HH <T 1)+ g2, (EDU {xW) )+ BMij +&] +7 (G 6)

=( ﬂ )ﬂc q ﬂh )ﬂh 0. Bc*hn DO ﬂhzﬂxe
B + B, B + By J
Z ﬁq (HH TJ)*ﬁedu(EDU XWj)+BmMij +Sj +nij

0O | ﬁc*ﬁh &
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Let B =B, + Sy, O ==BnInp; +BInZ; +&;, |y = IAij +&, andv; =4 & +n;
and take the log of indirect utility, equation (Bo@comes the following

Q i j W
InV; =4 Inlij +qZ::1/8;(HHq xT') + [,(EDU, xW))+B.M; +0, +v, (G.7)

:IBI In IAij + iﬁ;—(HH; ij) +ﬁg:iu(EDUi XVVJ) +/GmMij +®j +’7ij
q=1
Recallej ==Bpinpj +ByInZj +&j, in the second stage sorting model, MSA fixed
effects o; can be decomposed according to this equation. is dase, predicted

income for every location j is entered into indiredility function as a standalone
measure.
In the second stage, the regression equation is:

OjZ—ﬁh|n,0j+ﬁX|an+{j (G8)
Now move-g,inp; to the LHS of equation (G.7), regression equabienomes the
following (cumare; is included iry, ):

Oj+ﬁhlnpj:/?xlnzl-+{j (Gg)
I
From equation (4H; = B i
ﬁc+ﬁh pj
Bn =B (pjHi 1) (G.10)

The parametes, is estimated in the first stage of sorting modekl aetp, H, /1; (the

share of housing expenditure in income) equalstongdian value in the sample.
From our regression resul8, =100, and the mean valugg = 17767 I;; = 45071,

Bn = Bi (pjHilljj) = 100* A7767 *1)/45071=03942  (G.11)

30



Paper Submitted to AAEA Conference-2012 May 29, 2012

Appendix H

The regression coefficient for extreme heat daygsilisulated as the following by
combining results from both*and 29 stage (example from OLS sorting model (1) in

Table 2):
1) Coefficient of extreme heat (overall effect):

_ 0lnv
Bheat = OHEAT :Bheat_lst_stage+ :Bheat_an_stage

= Page_g _65_heat* AGE + Beoligrad _heat * COLLGRAD + Bnortheast heat * NE
+ Bsouth_heat * O + Bwest_heat * WE + BcA_heat * CA + Beold _2nd_stage
= —-00076 * 02465—- 00268 * 01269—- 00286 * 02731- 00175 * 03037- 00494 * 00604- 00311 * 00712- 00140

= -00376

2) Coefficient of extreme cold (overall effect):

alnVv
Beold = dcold Beold _1st_stage* Pcold_2nd_stage

= Bage g _65_cold X AGE + Bcoligrad _cold * COLLGRA + Bca_cold * CA + Beold _2nd_stage
= -00316 * 02465- 00305 * 01269—- 00286 * 00712- 00375
=-00512

Mean value of household head’s income is $45,07d, raean values of extreme heat
days and extreme cold days are measure in 10 @a@efficient of marginal utility of
income is 5, =100 . MWTP to reduce additional extreme heat day =
(0.0376/1)*45,071/10 = $169. MWTP to reduce addaio extreme cold day =
(0.0512/1)*45,071/10 = $231
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