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Price of a heterogeneousgood

0 Price basedon the characteristicsof a good: P= f(X).

0 Reducedform equation as laid down by Rosen(1974).

0 Household characteristicsno longer play a direct role.
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Ourpaper

0 Sincethen householdinformation has been usedto:

ÇBourassaet al. (1999): Captureunobservedamenities.

ÇEkelandet al. (2004): Identify housingdemand/ preferences.

ÇHarding et al. (2003): Analyzebargaining power.

0 Our paper: householdinformation to help define market 
segments. Explore2ÏÓÅÎȭÓquote in more detail:

ȰA clear consequenceof the model is that thereare natural
tendenciestowardsmarket segmentationȣ segmentedby
distinct incomeand taste groupsȣȱ ɉRosen, 1974, p.40)
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Ourcontribution

0 Our contribution is twofold :

1) Redefinethe hedonicprice function to allow for
secondhand markets using an Edgeworth box.

ÅAllows us to focus on householdheterogeneity only.

ÅMultiple consumers, connectmultiple Edgeworth boxes(trade
chains) and money as intermediary good. 

ÅA consumercanbe a buyer of somehousingattributes, but a seller
of others.

ÅIf householdssort themselvesinto particular types of houses, then
marginal prices and quantities are clustered (market segments): 

Ȭ4ÈÅ hedonic price function is no longer continuous or uniqueȢȭ
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Ourcontribution

2) Three empirical approaches that incorporate both
information on householdand housingcharacteristics.

ÅInteraction effects(exogenousclass model).

ÅUnsupervisedmachine learning model (k-meanclustering, 
endogenousclasses).

ÅLatent class model/finite mixture approach (endogenousclasses).

0 AHS metropolitan public usefile for Louisville MSA 2013.

ÇPossibleto estimate these modelsusing single wave + decent 
amount of observations. (Miami + location controls + ethnicity)

ÇHousehold income and family structure (presenceof children) as 
clustering variables. 
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Louisville

0 Louisville is the 45th largest MSA.
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Theory: Edgeworthbox

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

ÇHouseholds Ὦare willing to pay —ᾀȠόȟάȟθ for house characteristics ᾀ
given their income ά and preferences θ . They buy a house at the hedonic 
price line ὖᾀz .

ÇEdgeworth box: From endowment point A to equilibrium B, consumer1 
consumeslessof ᾀand getscash ὅfrom consumer2, either through
perfect competition (Rosen, 1974) or bargaining (Harding et al. 2003). 7



Theory: Market segmentation

0 Sorting of householdslet them trade at different parts of the hedonic
price line, A vs B. Or price lines overlap, B vs D.

0 We are agnosticabout why suchdifferencespersist (e.g. quality
differences, housingmarket frictions). 

0 Needmethodology: clustering marginal price and quantities. 8



MethodologyI
0 To measuredifferencesin marginal prices:

1) Interaction effectsbetweenhousing/ householdchar.

-easy to use, but needstrong theoretical guidance.-

2) Unsupervisedmachine learning (k-means clustering)

-automated, but black box.-

3) Full-fledgedstatistical approach: latent class modeling

-clear about hedonicand class assignmentmodel, standard   
hypothesis testingpossible, but scalability is an issue.-
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MethodologyII

Clustering Latent class   

(then hedonicmodel)             (interested in E(y|x) per class) 10



MethodologyIII

0 To measurewhether there are gapsor overlaps in the
distribution of trades:

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

Çm partitions , qm and lm proportion of members of eachdistribution
that are part of the partition . 

ÇBetween0 and 1, where 1=perfect overlap. 

ÇPopular in pattern recognition, not often usedin economics. 
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Data

0 We usethe (log) expectedsale price as dependentvariable.

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

0 Interaction effect model: not somuch differences. 
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