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Price of aheterogeneougood

0 Price basedon the characteristics of agood: P=f(X).
0 Reducedform equation aslaid down by Rosen(1974).

0 Householdcharacteristicsno longer play a directrole.




Our paper

0 Sincethen householdinformation has beenusedto:
C Bourassaet al. (1999): Captureunobserved amenities.
C Ekelandet al. (2004): Identify housing demand preferences
C Harding et al. (2003):Analyzebargaining power.

0 Our paper: householdinformation to help define market
segments Explore2 | O Agliode@ more detail:

QA clear consequencef the model isthat there are natural
tendenciedowards market segmentation8 segmentedy
distinct incomeand tastegroups8 6 Rgsen 1974, p.40)




Our contribution

0 Our contribution 1s twofold:

1) Redefinethe hedonic price function to allow for
secondhandmarkets using an Edgeworth box.

A Allows us to focus onhouseholdheterogeneity only.

AMultiple consumers connectmultiple Edgeworth boxes(trade
chains) and money asntermediary good.

A A consumer canbe a buyer of somehousing attributes, but aseller
of others.

Alf householdssort themselvesinto particular types ofhouses then
marginal prices and quantities are clustered (market segments:




Our contribution

2) Three empirical approachesthat incorporate both
Information on householdand housing characteristics.
Alnteraction effects(exogenousclass model).

AUnsupervisedmachinelearning model (k-meanclustering,
endogenousclasses).

A Latent class modelfinite mixture approach (endogenousclasses).

0 AHSmetropolitan public usefile for Louisville MSA 2013.

C Possibleto estimate thesemodels using single wave + decent
amount of observations. (Miami +location controls + ethnicity)

C Householdincome and family structure (presenceof children) as

clustering variables. -




| ouisville

0 Louisville isthe 45th largest MSA.




Theory. Edgeworthbox
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FIGURE 2—BUYERS AND SELLERS IN A SECONDHAND MARKET

0 From Rosen(1974) to a secondhand market Edgeworth box).

C Households'Care willing to pay—ap hx P for house characteristicsi

given their incomeda and preferences’ . They buy a house at the hedonic
price line 0 (&°).

C Edgeworth box: From endowment point A to equilibrium B, consumer1
consumeslessof a and getscasho from consumer2, either through
perfect competition (Rosen 1974) or bargaining (Hardlng et al. 2003).




Theory. Market segmentation
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FIGURE 4—MARKET SEGMENTATION: THREE TYPES OF CONSUMERS

0 Sorting of householdslet them trade at different parts of the hedonic
price line, Avs B. Orprice lines overlap, Bvs D.

0 We areagnosticabout why suchdifferences persist (e.g.quality
differences, housing market frictions).

0 Needmethodology: clustering marginal price and quantities.
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Methodologyi

0 To measuredifferencesin marginal prices:

1) Interaction effectsbetween housing/ householdchar.

103(1’:}) = i 2k Pr.jZkj T &

-easyto use butneedstrong theoretical guidance-

2) Unsupervisedmachinelearning (k-means clustering)

7

argéninz Z ”d — ,uj”z.

j=1 dEC}'

-automated but black box.

3) Full-fledged statistical approach: latent clasanodeling
g(log(P) |p, ) = X; ?Tjdf'jf}(log(P;j) |’~lj)dij:

-clear about hedonicand classassignmentmodel, standard
hypothesidesting possible but scalability is an issuelgs:
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Methodologyll

Translation model : Mixture of normal distributions
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Clustering
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Methodologyill

0 To measurewhether there are gapsor overlapsin the
distribution of trades:

0 Bhattacharyya(1943) coefficient. overlap in discrete
distributions :

BC = Zm. dm lm.:

C m partitions, g, and |, proportion of members ofeachdistribution
that are part ofthe partition .

C BetweenO and 1, where 1=perfect overlap.

C Popularin pattern recognition, not often usedin economics




Data

TABLE 1 —SUMMARY STATISTICS: HOUSE PRICES, HOUSE CHARACTERISTICS AND HOUSEHOLD
CHARACTERISTICS, LOUISVILLE (2013)

Variables Mean  Std. Dev. Min. Max.
Housing variables

Sale price (expected, $) 196,125 147,843 10,000 1,120,000
House size (sq. ft.) 2,212 1,334 99 7,235
Lot size (sq. ft.) 72,678 182,894 1 956,923
Age of structure (years) 40 24 0 94
Number of bathrooms 2.30 1.02 1 8
Number of rooms 6.64 1.76 2 13
Garage 0.79 0.40 0 1
Dishwasher 0.83 0.38 0 1
Fireplace 0.51 0.50 0 1
Floor 0.02 0.22 0 3
Louisville (former city) 0.17 0.38 0 1
Clustering variables

Children 0.31 0.46 0 1
Household income ($) 80,319 62,546 1 456,869
Number of observations 1,636

Note: Based on the AHS Louisville KY-IN metropolitan area public use file for
2013. Floor is the number of floors from the building main entrance to the unit,
which is defined as zero for single-family houses and condominiums on the
same floor as the main entrance. Children is a dummy variable for the
presence of children under 18 in the household.

0 We usethe (log) expectedsaleprice asdependentvariable.
12

AMSTERDAM

0 For interaction effect: below/abovemed. inc. e




Resultd
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O Interaction effect model:not so much differences.




