
Heterogeneous Households and Market Segmentation in a 

Hedonic Framework

Martijn I. Dröes (University of Amsterdam)

Steven C. Bourassa (Florida Atlantic University) 

Martin E. Hoesli (University of Geneva)

ASSA-AREUEA 2020

San Diego



Price of a heterogeneous good

0 Price based on the characteristics of a good: P = f(X).

0 Reduced form equation as laid down by Rosen (1974).

0 Household characteristics no longer play a direct role.
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Our paper

0 Since then household information has been used to:

❑Bourassa et al. (1999): Capture unobserved amenities.

❑Ekeland et al. (2004): Identify housing demand/preferences.

❑Harding et al. (2003): Analyze bargaining power.

0 Our paper: household information to help define market 
segments. Explore Rosen’s quote in more detail:

“A clear consequence of the model is that there are natural
tendencies towards market segmentation … segmented by
distinct income and taste groups …” (Rosen, 1974, p.40)
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Our contribution

0 Our contribution is twofold:

1) Redefine the hedonic price function to allow for
secondhand markets using an Edgeworth box.

• Allows us to focus on household heterogeneity only.

• Multiple consumers, connect multiple Edgeworth boxes (trade
chains) and money as intermediary good. 

• A consumer can be a buyer of some housing attributes, but a seller
of others.

• If households sort themselves into particular types of houses, then
marginal prices and quantities are clustered (market segments): 

‘The hedonic price function is no longer continuous or unique.’
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Our contribution

2) Three empirical approaches that incorporate both
information on household and housing characteristics.

• Interaction effects (exogenous class model).

• Unsupervised machine learning model (k-mean clustering, 
endogenous classes).

• Latent class model/finite mixture approach (endogenous classes).

0 AHS metropolitan public use file for Louisville MSA 2013.

❑Possible to estimate these models using single wave + decent 
amount of observations. (Miami + location controls + ethnicity)

❑Household income and family structure (presence of children) as 
clustering variables. 
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Louisville

0 Louisville is the 45th largest MSA.
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Theory: Edgeworth box

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

❑Households 𝑗 are willing to pay 𝜃(𝑧; 𝑢𝑗 , 𝑚𝑗 , ∝𝑗) for house characteristics 𝑧
given their income 𝑚𝑗 and preferences ∝𝑗. They buy a house at the hedonic 
price line 𝑃 𝑧∗ .

❑Edgeworth box: From endowment point A to equilibrium B, consumer 1 
consumes less of 𝑧1and gets cash 𝐶1from consumer 2, either through
perfect competition (Rosen, 1974) or bargaining (Harding et al. 2003). 7



Theory: Market segmentation

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

0 We are agnostic about why such differences persist (e.g. quality
differences, housing market frictions). 

0 Need methodology: clustering marginal price and quantities. 8



Methodology I
0 To measure differences in marginal prices:

1) Interaction effects between housing/household char.

-easy to use, but need strong theoretical guidance.-

2) Unsupervised machine learning (k-means clustering)

-automated, but black box.-

3) Full-fledged statistical approach: latent class modeling

-clear about hedonic and class assignment model, standard   
hypothesis testing possible, but scalability is an issue.-
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Methodology II

Clustering Latent class   

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



Methodology III

0 To measure whether there are gaps or overlaps in the
distribution of trades:

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

❑m partitions, qm and lm proportion of members of each distribution
that are part of the partition. 

❑Between 0 and 1, where 1=perfect overlap. 

❑Popular in pattern recognition, not often used in economics. 
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Data

0 We use the (log) expected sale price as dependent variable.

0 For interaction effect: below/above med. inc.
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Results I

0 Interaction effect model: not so much differences. 
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Results II

0 Bit more differences…joint classes based on income and
having children.

14



Results III

0 Highly statistically significant differences. 15



Results III – cont.

0 Having children increases the probability to belong to class 
2 instead of 1  (increase log odds ratio by 1.353).

0 An increase in income increases the probability to belong
to class 3  (increase log odds ration by 1.183).

0 Seperate classes based on income and having children.

0 Class 2: 45% children, Class 3: income $103,287.

0 Example difference in coefficients, Floor you live on (proxy 
for apartment, not sig. in hedonic model):

Class 2: discount of 15.7%, Class 3: premium of 15.9%.

0 Av. Battacharyya Coefficient: 0.965 => overlaps. 16



Segmented markets

0 Hedonic price line of house size based on 3-class latent 
class model.
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Conclusion

0 Household information + hedonic model to define market 
segments.

❑Theoretical: Edgeworth box + heterogeneous households.

❑Empirical: -3 approaches to measure differences in average
marginal prices and quantities consumed.

-Bhattacharyya coefficient (1943) to measure overlap in 
classes. 

0 Latent class seems to work best in our particular case. 

0 Evidence of market segmentation (overlapping price lines)

0 WIP: Miami, adding more locational controls, ethnicity. 
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