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Abstract

In the United States, the residential housing market went through important changes over the

period of the 1970s to the mid-1990s. Although the aggregate homeownership rate was relatively

constant during that period, the distribution of homeownership rates by age changed in remarkable

ways. While younger households saw substantial declines in homeownership rates, the opposite

happened for older households. In this paper, we argue that the skill-biased technological change

(SBTC) that occurred during the 1970s has been an important factor behind the observed change

in the distribution of homeownership rates by age. We build a life cycle model in which skills

are accumulated on-the-job through experience: learning by doing. Early in life, households have

lower levels of skills and therefore lower earnings. Accordingly, SBTC increases the returns to

skill, widening the wage gap between young and old ages. As a consequence, it takes more time for

young households to accumulate down payments and become homeowners, in line with consumption

smoothing behaviour. On the other hand, older households that could not a¤ord a house before

may now have su¢ cient funds to become homeowners, given higher returns to skill. Our analysis

con�rms this conjecture, namely, the SBTC shifts the distribution of homeownership from the

young to the old.

Keywords: Skill-Biased Technological Change, Homeownership.

JEL classi�cation: E2.
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1. Introduction

In the United States, the residential housing market went through important changes

over the period of the 1970s to the mid-1990s. Although the aggregate homeownership

rate was relatively constant during that period, the distribution of homeownership rates by

age changed in remarkable ways.1 While younger households saw substantial declines in

homeownership rates, the opposite happened for older households (Figure 1, Figure 2).

In this paper, we argue that the skill-biased technological change (SBTC) that occurred

during the 1970s has been an important factor behind the observed change in the distribution

of homeownership rates by age. Accordingly, we investigate the extent to which the observed

changes can be accounted for by the SBTC.

Traditionally, technological change was viewed as factor-neutral. However, a common

consensus has recently formed around the idea that, beginning in the 1970s, technological

change in the U.S. has been skill-biased. In particular, the latent SBTC has been considered

as the main factor behind the observed changes in the U.S. labor market since the 1970s.2

The premise of this paper is that the two events (SBTC and changes in distribution of

homeownership) are interrelated. Speci�cally, we argue that the observed increase in the

relative returns to skill and the fact that skills are accumulated over the life cycle generated

an increase in the income of the old relative to the income of the young. Moreover, the

decrease in demand for low-skilled workers generated a decline in the income of the young,

widening the wage gap between young and old ages. Accordingly, it became increasingly

hard for young households to accumulate substantial savings early in life. In the absence of

complete �nancial markets, and given the requirement of a substantial down payment when

buying a house, this led younger households to delay their decision to buy a house. As a

1In the United States, the aggregate homeownership rate was roughly constant at 64% from the 1970s up
to the mid-1990s (See Figure 1). This stylized fact is documented by several studies in the literature, such
as: Segal and Sullivan (1998), Li (2005) and Chambers, Garriga and Schlagenhauf (2010).

2In the United States, the labor market has experienced substantial changes since the 1970s, such as (i)
rise in wage inequality, (ii) rise in college premium and (iii) rise in experience premium, among others. See
Heathcote-Perri-Violante (2010) for a detailed documentation of these facts.
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result, homeownership decreased at those early stages of the life cycle. On the other hand,

to the extent that the increase in the demand for skills raises wages for older households,

more of these households �nd themselves having su¢ cient funds to own a house. Overall,

the e¤ect of SBTC is to steepen the life cycle pro�le of homeownership, delivering lower

homeownership for the young and higher homeownership for the old. Hence, we propose an

interpretation of observed homeownership dynamics in which SBTC plays a key role.

In order to analyze this conjecture, we build a life-cycle model with housing and human

capital accumulation. First, our model explicitly takes into account the following key char-

acteristics of the housing market: (i) housing is held for the purpose of consumption and

saving (ii) housing can be either owned or rented (iii) ownership is preferred over renting

(iv) if owned, housing can be used as a collateral for mortgage loans (v) to buy a house, a

household must satisfy a minimum down payment requirement which is equal to a fraction

of the value of the house. Secondly, we assume the following characteristics for the human

capital accumulation process: (i) individuals have both "raw labor" (health, strength, etc.)

and "human capital" (skills) which earn separate wages in the labor market (ii) while raw

labor is �xed over the life cycle, human capital is accumulated on-the-job through labor

market experience with learning by doing, as in Jeong et al (2008).3

Using the framework above, we examine the response of the model to SBTC, which is

modelled as an increase in the relative price (wage) of human capital to raw labor. We �nd

that SBTC increases the wage gap between young and old ages, since households have lower

levels of human capital early in life. Accordingly, it takes more time for young households to

accumulate down payments and become homeowners, in line with consumption smoothing

over the life cycle. Moreover, we �nd that older households that could not a¤ord a house

3Note that a similar argument can be made if the decision to accumulate human capital is endogenous:
on-the-job training. In this case, the rise in the return to human capital increases the incentives to accumulate
skills at a younger age. However, this leads to a decline in labor income and savings early in life, which
delays the homeownership decision for young households. On the contrary, the additional human capital
accumulated pays o¤ later in life through higher wages and it potentially allows the old to a¤ord more houses.
In our sensitivity analysis, we �nd that the alternative setup (on-the-job training) generates similar results

to those of our benchmark setup (learning-by-doing).[See �Sensitivity Analysis�for a more detailed discussion].
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before may now have su¢ cient funds to become homeowners, given higher returns to skill.

In conclusion, our numerical results con�rm the conjecture above, namely, the SBTC shifts

the distribution of homeownership from the young to the old.

Recently, there has been an explosion of articles addressing the dynamics of aggregate

homeownership. The literature has proposed a battery of mechanisms through which aggre-

gate homeownership could be a¤ected: tax policies, government regulation and homeowner-

ship assistance programs, �nancial innovation in mortgage markets as well as demographic

changes. Chambers, Garriga and Schlagenhauf (2009) �nd that �nancial innovations, such

as the introduction of combo loans, seem to be important for the rise in homeownership

after 1995, but these changes came too late to matter for the period we are interested in.

The same is true for the Tax Payer Relief Act of 1997 and the a¤ordable housing programs

introduced by the Clinton and Bush administrations. The Tax Relief Act of 1986, which

ended the tax deductibility of consumer loan interest payments but not of mortgage loan

interest payments, falls within the period of interest. However, Glaeser and Shapiro (2002)

argue that this act a¤ects wealthy households who are already homeowners and thus has

negligible e¤ects on aggregate homeownership. In addition, we show that the steepening of

life cycle homeownership pro�les has been a continuous process that started in the 70s and

was already underway by the mid 80s. Segal and Sullivan (1998) provide an illuminating

discussion of the e¤ects of various demographic trends and their e¤ects on aggregate home-

ownership. The prominent one is the change in the age composition resulting from the baby

boom generation.4 Although these could have an e¤ect on the aggregate homeownership,

they do not directly a¤ect the distribution of homeownership by age.

Crucially, the overwhelming majority of research focuses on aggregate homeownership

rather than the disaggregated aspect we are aiming to explain. An important exception is

the work of Fisher and Gervais (2010). They document the steepening of home ownership

pro�les by age and provide a theoretical explanation for the decrease in homeownership for

4The other important change relates to marriage. We discuss this below.
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the young. Their explanation is based on two factors: increased idiosyncratic risk and a

trend towards later marriage. They argue forcefully that there is a clear empirical relation

between homeownership and both risk and marriage. Their calibrated model closely matches

the experience of young households observed in the data. Our explanation through the SBTC

is, in this sense, complementary to their work. However, our analysis di¤ers in a crucial way:

the SBTC provides a mechanism that simultaneously decreases homeownership for the young

and increases homeownership for the old. Accordingly, our proposed mechanism can capture

the observed shift in the distribution of homeownership rates for all ages.

The paper is organized as follows. Section 2 presents empirical evidence on the changes

in the homeownership distribution between the 1970s and the 1990s. Section 3 presents the

model and de�nes the recursive competitive equilibrium. Section 4 presents the calibration

and quantitative results. Section 5 provides the outline of future work. Section 6 summarizes

and concludes.

2. Changes in the Homeownership Distribution

Figure 1 depicts the aggregate homeownership rate between 1968 and 2005 using data

from the United States Statistical Abstract. As mentioned above, the �gure re�ects that

the overall homeownership has been relatively stable during our period of interest, with

an average of around 64% for that period. However, examination of the data at a more

disaggregated level reveals an interesting pattern that is masked by aggregate data.

Table 1 summarizes the changes in aggregate and distribution of homeownership rates

between the 1970s and 1990s using data from the March Current Population Survey (CPS).5

As documented by Segal and Sullivan (1998), the CPS homeownership data start in 1976

and are problematic for the years 1979 to 1982. We therefore ignore the latter years and

only include an average of the years 1976-1978 for the 1970s. Similarly, we use an average of

the years 1994-1997 for the 1990s. Our rates are closely in line with those reported by Segal

5More details about the data are provided in Appendix B.
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and Sullivan (1998) and by Fisher and Gervais (2010), who also use the CPS dataset. The

last raw of the Table 1 displays the aggregate homeownership rate, which is 65.7% during

the 1970s and 64.4% during the 1990s, with an average rate of 64.3% for the period between

1976 and 1997.

As claimed earlier, looking at homeownership rates by age reveals a substantial change

in the age composition of homeownership. As we see, the homeownership has decreased

substantially for younger households, especially for those less than 45 years old, while it has

substantially increased for older households, specially for those above 59 years old. The same

pattern can be seen in Figure 2, which is the graphical representation of Table 1.6

3. The Model

The economy is populated by households, �rms, a real estate sector and a government.

Households make the investment decisions and are subject to uninsurable idiosyncratic in-

come and mortality shocks. Firms produce output and are owned by households. The

government sets payroll taxes for the workers and it provides social security bene�ts to the

retirees. Real estate �rms work as the intermediaries for households who rent housing.

The model takes into account the following key characteristics of the housing market: (i)

housing is held for the purpose of consumption and saving, (ii) housing can be either owned

or rented, (iii) ownership is preferred over renting, (iv) if owned, housing can be used as a

collateral for mortgage loans and (v) to buy a house, a household must satisfy a minimum

down payment requirement which is equal to a fraction of the value of the house.7 We assume

the following characteristics for the human capital accumulation process: (i) individuals have

both raw labor and human capital which earn separate wages in the labor market and (ii)

individuals accumulate human capital over the life cycle through learning by doing.

6For documentation of this fact, see Segal and Sullivan (1998), Li (2005), Garriga, Gavin and Schlagenhauf
(2006), and Fisher and Gervais (2010).

7For quantitative models of housing see, for example, Yang (2009), Fisher and Gervais (2009), Gervais
(2002), Nakajima (2008) and Chambers et al (2009).
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Demographics. Time is discrete. In each period, there are I overlapping generations

of agents and population grows at the rate of n. Agents are born at age 1 and can live up to

age I. Retirement is mandatory at age Ir, with 1 < Ir < I. Agents of age i � Ir are called

workers and those with age i > Ir are called retirees. Each agent faces a positive probability

of early death which is exogenous and independent of other household characteristics. The

probability of surviving from age i� 1 to age i is denoted by si 2 (0; 1), with sI+1 = 0. Due

to the probability of death, there are accidental bequests, which are distributed (as assets)

among the members of all generations in the amount tr.

Preferences. Agents maximize expected discounted lifetime utility

E
IX
i=1

�i�1
�
�ik=1sk

�
u (ci; 'idi)

where ci is consumption of non-housing goods, di is consumption of housing services (either

rented or owned), � is the time-discount factor, E is the expectation operator and ' is a

parameter governing the preference for owning a house. When the household rents 'i < 1

and when the household owns 'i = 1. The instantaneous utility function u(:; :) is strictly

increasing and strictly concave in both arguments.

Labor Endowments. Agents have two labor factors of production. They begin their

life with endowments of "raw labor" (strength, health, etc.) and human capital (skills,

knowledge, etc.). The endowment of raw labor is �xed over the life cycle. On the other hand,

agents are able to accumulate skills on-the-job through learning-by-doing. This implies that

di¤erences in productivity by age can be attributed to skill accumulation. Raw labor and

human capital earn separate wages in the labor market and each individual supplies the two

factors of production at the competitive market wage rates.

Individual face stochastic productivity shocks e to the e¢ ciency of the labor supplied to

the market. The productivity shocks e 2 E = fe1; e2; :::; eng are generated by a stationary

Markov transition matrix � that is identical across agents and over the life cycle. We assume

that idiosyncratic risk in uninsurable and markets are therefore incomplete.
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The total wage income of an individual of age i is given by:

wi =

8><>: e(wuu+ whhi) if i � Ir

0 if i > Ir

where wu and wh are the market prices of raw labor and skill respectively, u is the raw labor

endowment and hi is the stock of skills at age i.

Government Policy. The government runs a pay-as-you-go social security program in

order to provide retirement income. We assume that the retirement system is self-�nanced.

In order to �nance retirement bene�ts, the government collects payroll taxes � s from the

labor earnings of workers. The social security funds are distributed to all retirees in equal

amounts. The bene�t for an individual of age i is given by:

bi =

8><>: 0 if i � Ir

b if i > Ir

Real Estate Sector. The real estate sector acts as an intermediary for agents who

want to rent houses. Firms in this sector borrow �nancial assets from households and use

all of them to buy residential houses. They rent these houses to interested households at a

price of q and use the rental income to pay their debt obligations at an interest rate of r.

The problem of an intermediary is:

max
Dr

f(1� �d)Dr + qDr � (1 + r)Drg

where Dr denotes aggregate rental housing and �d is the rate of depreciation of houses.

Optimization by intermediaries relates rental prices q to interest rates r according to

q = r + �d

Asset Structure. Households own �nancial assets a, which represent both non housing

capital and mortgage loans. More precisely, �nancial assets represent claims to non-housing
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capital when they are positive and they capture mortgage debt when they are negative. Non

housing capital depreciates at the constant rate �k. Apart from �nancial assets, households

can save in housing assets, which are held for both savings and consumption purposes.

As for the housing assets, agents can either own or rent housing assets but the choice is

mutually exclusive. As mentioned earlier, the cost of renting is equal to q, which is paid to

the real estate intermediaries. When owning, the house size must be chosen from a �nite

grid do 2 
 = f0g[fdmin; ::::; dmaxg. Accordingly, owners have a di¤erent set of options than

renters, who may choose both a continuous quantity of houses and houses smaller than dmin.

We assume that only collateralized credit is available and no other form of credit is

allowed. Collateralized credit represents mortgage loans and we assume that the borrowing

interest rate, the mortgage rate and the deposit interest rate are all equal. To buy a house,

a household must satisfy a minimum down payment requirement which is equal to a fraction

� of the value of the house. In addition, housing also serves as collateral for loans up to a

fraction (1� �).8 This implies that �nancial assets must satisfy:

a � � (1� �) do

For renters, the condition reduces to:

a � 0

Production Technology. There is a representative �rm that produces output with the

constant returns to scale technology:

Y = AK�L1��

where A is total factor productivity (TFP), K is aggregate non-housing capital, L = 
U +

(1� 
)H is the total "labor" supplied, which is composed of aggregate raw labor U and

8We follow Yang (2009) in assuming this close relationship between downpayment requirements and
collateral values. This signi�cantly simpli�es the computational problem at hand by reducing downpayment
and collateral constraints to a single inequality constraint.
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the aggregate stock of skill H. The �rm solves a static problem by hiring factors from the

households to maximize period pro�ts:

max
fH;U;Kg

AK�L1�� � wuU � whH � (r + �k)K

where L = 
U + (1� 
)H

The optimality conditions determine the factor prices wu, wh and r competitively.

Household Problem. In what follows, we write the problem of the household re-

cursively, with primes denoting a variable next period. An agent is characterized by the

individual set of state variables s = (i; e; x), with s0 = (i+ 1; e0; x0), where i is the age, e is

stochastic productivity and x is total wealth (housing and �nancial assets). Households face

the following optimization problem:

V (s) = max fVo (s) ; Vr (s)g (1)

The maximization problem of homeowners can be written recursively as follows:

Vo (s) = max
fc�0;do2
;a;x0g

fu (ci; 'do) + �si+1EV (s0)g s.t. (2)

x = do + a

ci + x
0 = (1� � s)wi + (1 + r) (a+ tr) + (1� �d) do + bi

a � � (1� �) do

The maximization problem of renters can be written recursively as follows:

Vr (s) = max
fc�0;dr�0;a;x0g

fu (ci; 'dr) + �si+1EV (s0)g s.t. (3)

x = a

ci + x
0 + qdr = (1� � s)wi + (1 + r) (x+ tr) + bi

a � 0
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Equation (1) represents the tenure decision, where Vo and Vr are the values of owning

and renting respectively. The Bellman equation (2) is the problem of a homeowner. A

homeowner chooses consumption c, �nancial assets a, owned housing assets do and wealth

carried over to the next period x0. As mentioned earlier, when a household owns housing

assets, they cannot rent and dr = 0.

The �rst constraint is the asset allocation constraint, implying that total wealth x is

allocated into housing assets do and �nancial assets a. If an agent is using mortgage loans

(a < 0), the size of housing do will be larger than the total wealth x. The second constraint is

the budget constraint. The �rst term on the right hand side is the net income from providing

raw labor and skills to the market, multiplied by the idiosyncratic productivity shock e and

net of payroll taxes. The second term is the asset income from �nancial assets, which earns

a return of r. The third term is the owned housing assets net of depreciation. We assume

that owners have to pay a depreciation cost to keep the value of housing as a proxy for

maintenance costs. The fourth term denotes the social security bene�ts bi and the last term

is the tranfer from accidental bequests. The last constraint is the collateral constraint.

The Bellman equation (3) is the problem of a renter. A renter chooses dr � 0 instead of

do. A renter does not make an asset allocation decision because all the wealth is invested in

�nancial assets. The second constraint is the budget constraint. The term qdr denotes the

cost of renting the property dr. For a renter, do = 0 because of the exclusivity assumption.

On the right hand side, we again have the labor income, accidental bequests, social security

bene�ts and the asset income, which is equal to the �nancial assets for a renter.

The solution to the dynamic programming problem above yields optimal decision rules

ci = gc(s), do = gdo(s), dr = gdr(s), a = ga(s) and x
0 = gx(s). If an agent is an owner then

dr = ghr(s) = 0 and do = gho(s) > 0 and the opposite if the agent is a renter.
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3.1. Recursive Competitive Equilibrium

In what follows we de�ne the stationary recursive competitive equilibrium. To do this,

letM be the space of individual state variables and let � be the probability measure de�ned

over the Borel ��algebra generated byM . Households perceive that the distribution evolves

according to the law of motion:

�0 = � (�)

De�nition. Given the social security tax � s and initial conditionsK0, D0, �0, a recursive

competitive equilibrium are value functions V (s), optimal decision rules gc(s), gdo(s), gdr(s),

ga(s) and gx(s), aggregate stocks of non-housing capital K, housing capital D, skills H and

raw labor U , prices r, wu, wh and q, transfers tr, social security bene�ts bi and a measure �

such that:

1. The value function V (s) is the solution to the household�s problem de�ned above and

gc(s), gdo(s), gdr(s), ga(s) and gx (s) are the associated policy functions.

2. The representative �rm maximizes pro�ts, leading to the competitive factor prices

r = �Z

�
K

L

���1
� �k

wu = (1� �) 
A
�
K

L

��
wh = (1� �) (1� 
)A

�
K

L

��

3. The real estate sector is competitive, namely q = r + �h.

4. The following market clearing conditions are satis�ed (all the integrals are over M):

1 =

Z
ed�

U =

Z
ud�
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H =

Z
hid�

D =

Z
gdo(s)d�+

Z
gdr(s)d�

K =

Z
ga(s)d�� gdr(s)d�

5. The transition function � is generated by the optimal decisions for households and by

the law of motion for the shocks.

6. The social security program is self �nanced:

� s

Z
wid� =

Z
bid�

7. The total amount of accidental bequests is equal to the total amount of transfers plus

the initial assets of the entering cohorts:Z
(1� si+1) gx (s) d� =

Z
t0rd�

0 + a

where a are the total initial assets distributed to the young cohorts.

Using the market clearing conditions, it is easy to show that the aggregate resource

constraint of the economy is:

C +K 0 +D0 = (1� �d)D + (1� �k)K + Y

where D0 = D0
o +Dr; C =

Z
gc(s)d�;Do =

Z
gdo(s)d� and Dr =

Z
gdr(s)d�

4. Numerical Results

This section presents a numerical example that analyzes the impact of SBTC on the

homeownership distribution. The �rst subsection presents the calibration and the second

subsection discusses the numerical results.
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4.1. Calibration

To choose the parameter values for our numerical experiment, we focus on the period

between 1977 and 1997. The ending year is consistent with the slowdown of the SBTC

in the second half of the 1990s. Moreover, the shift in the homeownership distribution

mentioned earlier happened mostly during the period of study, after which the housing

market experienced the recent boom and bust.

In the model, one period represents �ve years. Age 1 in the model corresponds to the

actual age group of 20-24. I is set to 12, corresponding to the actual age group of 75-79

and Ir is set to 9, implying that agents retire at the actual age group of 65-69. The annual

population growth n is set at 1.2%, corresponding to the average annual population growth

in the US over the last 50 years. The survival probabilities si are taken from the Life Tables

of the Social Security Administration.

Following Nakajima (2008), the social security tax is set to � s = 5:1% to match a replace-

ment ratio � of 34% over the average wage income. The initial assets for the new entrants

a are assumed to be distributed uniformly with an upper bound of a. This upper bound,

together with the minimum size of housing h= 0:165 and the disutility from renting ' = 0:96

are chosen jointly to match an initial aggregate homeownership rate of 0:64, a ratio of owned

housing assets to total housing assets of 0:7 and an initial homeownership rate for the 20-24

year olds of 24%. As for the downpayment fraction �, we follow the literature on housing in

assuming that � = 0:2.

Regarding the preferences, the instantaneous utility function takes the following form:

u (c; 'd) =

�
c� ('d)1��

�1��
1� �

which is common in the literature on housing. The risk aversion parameter � is set to 2, which

is also common in the housing literature. The parameters �h, �k, �, � and � are calibrated to

match long run ratios computed from NIPA data to ensure that our economy before SBTC
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conforms to the following ratios Ih
Y
= 0:047, Ik

Y
= 0:19, K

Y
= 1:65 and H

Y
= 1:08, as well as

to a capital income share of 0:32. Appendix C describes in detail the computation of these

ratios. Adjusting for a population growth rate of n = 0:012, �h = 0:0317 and �k = 0:10 lead

to the desired investment to GDP ratios. The discount factor � = 0:937 and the preference

parameter � = 0:842 are used to match the non housing and housing capitals to GDP K
Y

and H
Y
respectively. The latter parameter implies a ratio of non-housing consumption over

total consumption expenditures equal to 0:84, which is roughly in line with the 0:86 we �nd

in the data. The parameter A is chosen to be 1, just as a normalization.

In the present model, the relative price of skill is equal to wh
wu
= 1�




. The initial and the

�nal levels of 
 are chosen to match a US experience earnings premium of around (i) 1.18

before SBTC and (ii)1.35 after the SBTC. The earnings experience premium is the ratio of

annual earnings of the of 45-55 year-olds over the annual earnings of the 25-35 year olds.

The US experience earnings premium for the period 1968-2006 is displayed in Figure 3. To

calculate the earnings experience premium in the data, we have used the March CPS data set

and closely follow Heathcote et all (2010). More details about the computation are provided

in Appendix B. As Figure 3 re�ects, the experience earnings premium increases from around

1.18 to 1.35 between 1977 and 1997, while it stabilizes towards the end of the sample period.

The stock of raw labor u is normalized to 1 and the evolution of human capital stock over

the life cycle is calibrated to replicate the deterministic life cycle pro�le for earnings in the

1970s. In contrast, the life cycle pro�le for earnings in the 1990s is generated endogenously by

the model, given the stocks of raw labor and human capital. To calculate the deterministic

earnings pro�les, we have used CPS data for both the 1970s and the 1990s. First, we

construct hourly earnings data following the same procedure as Heathcote et. al (2010),

which is explained in more detail in appendix B, but we focus on ages 20-65. Subsequently,

we follow Hansen�s (1993) procedure to obtain life cycle productivity pro�les for each year.

We average over all years between 1970 and 1979 to produce the 70�s pro�le and over all
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years between 1990 and 1999 to produce the 90�s pro�le.9 The resulting pro�les for the two

periods are depicted in Figure 4.

While the deterministic life cycle process for earnings is taken from the data, we also

introduce a stochastic component to earnings. The process is calibrated following Storeslet-

ten et al (2004). Speci�cally, the authors estimate an ARMA(1,1) process, obtaining an

autocorrelation of � = 0:95, a standard deviation of 0:25 for the transitory innovation and

a standard deviation of 0:17 for the innovation of the persistent AR(1) component. We

discretize the AR(1) component into a �ve state Markov chain and the resulting transition

matrix is:

� =

266666666664

0:3912 0:3354 0:1841 0:0714 0:0179

0:2640 0:3006 0:2393 0:1398 0:0563

0:1383 0:2283 0:2668 0:2283 0:1383

0:0563 0:1398 0:2393 0:3006 0:2640

0:0179 0:0714 0:1841 0:3354 0:3912

377777777775
with an implied stationary distribution given by � = [0:1703 0:2163 0:2268 0:2163 0:1703].

4.2. Numerical Results

In this section we study the impact of SBTC on the homeownership distribution using

a calibrated version of the model. The average life cycle income pro�les generated by the

model are depicted in Figure 5. As explained earlier, the life cycle pro�le for the 1970s is

calibrated from data, while the pro�le for the 1990s is generated endogenously by the model.

We �nd that the model is successful at replicating the life cycle income pro�le observed

after the SBTC. In particular, the model is able to generate the crossing of the life cycle

income pro�le that we see in the data. The relative pattern of the income pro�les is clearly

9Using individual years leads to life cycle pro�les that can vary signi�cantly from one age to another.
An alternative approach would be to �t smooth polynomials to the life cycle pro�les. We have tried this
approach and obtained very similar results to what we report here.
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a result of SBTC. More speci�cally, SBTC increases the return to skill, which increases over

the life cycle. In turn, this leads to a higher wage income for the old relative to the wage

income of the young, who experience both a decrease in relative and total labor income.

This will clearly have a direct e¤ect on the homeownership pro�les generated by the model,

which are depicted in Figure 6.

As we see, the model is able to generate homeownership pro�les with the same properties

as in the data. First, we see an increase in homeownership over the life cycle with a decrease

around the retirement age. The second observation is that the model is able to generate the

crossing of homeownership pro�les that we see in the data. As discussed earlier, this is a

consequence of SBTC and the change in the income pro�les. On the one hand, the younger

generations face tighter borrowing constraints and are able to save less to buy homes. On the

other hand, the older generations have a higher income and can a¤ord to buy more housing.

While the qualitative properties of the homeownership pro�les conform to the data, we see

that the crossing of the two pro�les in the model occurs later than in the data.

This fact can also be observed in Table 2, which displays the homeownership rates by age

in the model and in the data. Table 2 re�ects that the model overpredicts the decrease in

homeownership for the younger generations and it underpredicts the increase in homeowner-

ship for the older generations. For this reason, the crossing of the two pro�les (distribution

of homeownership rates) in the model occurs later than in the data.

As a consequence of this observation, the model generates a decline in aggregate home-

ownership rate after the SBTC. While the actual value of aggregate homeownership rate was

65.7% in the 1970s and 64.4% in the 1990s, the model�s prediction�s for aggregate homeown-

ership rate are 65.7% and 58.3% respectively.

Finally, Figure 7,8,9,10 display the average asset holdings over the life cycle. As a con-

sequence of SBTC, the average asset holdings decrease for younger households, while the

opposite happens for older households.
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Overall, we conclude that the model generates the same qualitative behavior as in the

data, validating the explanation that SBTCwas an important factor contributing towards the

changes in the homeownership distribution between the 1970s and the 1990s. However, the

model overpredicts the decrease in homeownership of the young, undepredicts the increase

for the old and generates a decline in the aggregate homeownership rate. In the next section,

we propose a mechanism, reconciling our �ndings with the observations in the data.

4.3. Future Work

As discussed in the previous section, the model generates the same qualitative behavior

as in the data, validating the explanation that SBTC was an important factor contributing

towards the change in the homeownership distribution between the 1970s and the 1990s.

However, the model (i) overpredicts the decrease in homeownership for young generations

(ii) undepredicts the increase in homeownership for old generations (iii) generate a decline

in aggregate homeownership rate after SBTC.

Here, it is important to note that even though our model investigates the factors that

a¤ected the �distribution of homeownership rates by age�, our framework does not study the

possible factors that a¤ected the �aggregate homeownership rate� during the period 1970s-

1990s. Interestingly, Fisher and Gervais (2010) identify a potential factor that a¤ected the

aggregate homeownership rate during this period of study. Speci�cally, they argue that

the increased participation of females in the labor force led to an increase in the aggregate

homeownership rate. In particular, they model this fact as a uniform increase in productivity

level, which is interpreted as higher e¤ective supply of labor per household.

Preliminary qualitative results show that, introducing this factor in our framework in-

creases homeownership at all ages and thus provides the best candidate for the additional

force missing from our benchmark model. Preliminary quantitative results show that, when

we introduce this additional factor in our framework, (i) the model matches the decrease in

homeownership for young generations (ii) the model matches the increase in homeownership
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for old generations (iii) aggregate homeownership rate stays roughly constant after SBTC,

and (iv) the distribution of homeownership rates by age look remarkably similar to the data.

5. Conclusion

This paper has studied the relationship between the changes in the US homeownership

distribution throughout the period 1970s-1990s and the SBTC that ocurred during the same

period. During the period of study, we conjecture that (i) the increase in the returns to skills

generated an increase in the income of the old relative to the income of the young (ii) the

decrease in demand for low-skilled workers generated a decline in the income of the young,

widening the wage gap between young and old ages. This, in turn, reduced the ability of

young households to accumulate savings at an early age. In the absence of complete �nancial

markets, and given the requirement of a substantial down payment when buying a house,

this led younger households to delay their decision to buy a house. In addition to this, the

increased returns to skills allowed the older aged to be able to invest more heavily in homes.

To analyze the validity of these conjectures we study a model with housing and skill

accumulation. Our results show that the model is able to reconcile our conjectures above.

Namely, we see a decrease in homeownership at those early stages of the life cycle. At the

same time, later in life, when the additional skills accumulated starts to payo¤ in terms of

higher wages, more households can a¤ord to buy houses.

While the model is able to generate these patterns qualitatively, it generates a decline

in the aggregate homeownership rate and the crossing of the homeownership pro�les in the

model occurs later than in the data. As documented by other authors, there is evidence

that other factors, such as the increased female labor force participation, also contributed

to an increase in the aggregate homeownership rate during our period of study. When me

introduce these additional factors into our model, we �nd that it is able to generate a roughly

constant aggregate homeownership rate after SBTC as well as homeownership pro�le changes

that are remarkably close to the ones in the data.
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Appendix A: Derivation of the Resource Constraint

To derive the resource constraint, we can sum up the budget constraints of households.

The two budget constraints can be written as:

c+ d0o + a
0 = e (wuuo + whho) (1� lo) + (1 + r) (a+ tr) + (1� �d) do

c+ a0 + qdr = e (wuur + whhr) (1� lr) + (1 + r) (a) + tr

Adding them up, we obtain:

Z
gc(s)d�+

Z
ga(s

0)d�+

Z
gdo(s

0)d�+ q

Z
gdr(s)d�

= (1 + r)

Z
ga(s)d�+ (1� �d)

Z
gdo(s)d�

+

Z
e (wuur (1� glr (s)) + whghr (s) (1� glr (s))) d�

+

Z
e (wuuo (1� glo (s)) + whgho (s) (1� glo (s))) d�

Note also that:

Z
e (wuur (1� glr (s)) + whghr (s) (1� glr (s))) d�

+

Z
e (wuuo (1� glo (s)) + whgho (s) (1� glo (s))) d�

= wu

Z
[ur (1� glr (s)) + uo (1� glo (s))] d�

+wh

Z
[ghr (s) (1� glr (s)) + gho (s) (1� glo (s))] d�

= wuU + whH

= (1� �)AK� (
U + (1� 
)H)�� 
U + (1� �)AK� (
U + (1� 
)H)�� (1� 
)H

= (1� �)Y
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Using this, the conditions above and the fact that q = r+ �d, the resource constraint can be

rewritten as:

C +K 0 +D0 + r

Z
gdr(s)d�+ �d

Z
gdr(s)d�

= (1 + r)K + (1 + r)

Z
gdr(s)d�+ (1� �d)

Z
gdo(s)d�+ (1� �)Y

This implies that:

C +K 0 +D0 = (1 + r)K + (1� �d)D + (1� �)Y

We also know that:

(1 + r)K = �AK� (
U + (1� 
)H)1�� + 1� �k = �Y + (1� �k)K

so that the resource constraint becomes:

C +K 0 +D0 = (1� �k)K + (1� �d)D + Y
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Appendix B: CPS Data Appendix

We use the March CPS survey data for the period 1970 to 1999 to construct both the

earnings pro�les and the homeownership-by-age pro�les. In this section we describe the

construction of these pro�les in more detail.

Earnings Pro�les and Experience Premium

To calculate the earnings experience premium and the earnings pro�les, we �rst construct

annual earnings and hourly earnings following an almost identical procedure to the one used

by Heathcote et. al (2008). In terms of cleaning the data, their approach is intended to

clean miscoded or apparently miscoded observations. Thus they clean households with no

(or more than one) reference person and households with any members that are assigned

negative weights or that report positive earnings but zero weeks worked or that report less

than half the minimum wage earned or that report less than 260 hours per year. We do

the same and therefore include both genders, all races and both full and part time workers.

The only additional cleaning they do is in focusing on ages 25 to 60. In order to capture

the entire life cycle we instead focus on ages 20-65. This leaves us with 30 years of data on

individuals by age.

To calculate annual earnings and hourly earnings, we follow their approach in de�ning

annual earnings as labor income plus two thirds of self employment income and construct

hourly earnings by dividing annual earnings by annual hours worked. We also deal with

topcoded observations in a manner very similar to their approach. Before 1995, for each

type of income, we �t a Pareto density to the top 10% of non-topcoded observations and

use extrapolation to forecast the mean value for the top coded observations. All top coded

observations are then replaced by that extrapolated mean value. After 1995, the CPS actually

reports mean values for topcoded observations so we use directly those.10 The resulting

hourly earnings are averaged for every year and every age using individual weights.

10Here, we di¤er from Heathcote et al. (2008), who use the extrapolation procedure also for the years
after 1995. They do not report signi�cant di¤erences from doing so.



Skill-Biased Technological Change and Homeownership 22

After constructing the hourly earnings, we follow Hansen�s (1993) procedure to obtain

life cycle productivity pro�les for each year. In particular, for a given year, we divide the

average hourly earnings for each age by the average hourly earnings over all ages. This leaves

us with 30 life-cycle productivity pro�les, one for each year from 1970 up to 1999. Finally,

we average over all years between 1970 and 1979 to produce the "70�s" pro�le and over all

years between 1990 and 1999 to produce the "90�s" pro�le.11

It is important to note that our life cycle pro�les are based on cross sections of individuals

since we are attempting to explain cross sectional observations and focusing on steady states.

In view of Kambourov and Manovskii�s (2009) shrewd observation that looking at cross

sections could be misleading, we also obtain estimates of life cycle pro�les by looking at

cohorts. Although the CPS does not contain enough information to do this on a panel, we

can still track the average hourly earnings of di¤erent cohorts over time. For this analysis, we

actually extend our sample back to 1967 and up to 2009, so that we have as much information

about the early and late cohorts as possible. We �nd that life cycle pro�les have steepened

when one compares the cohorts entering the labor market in the 1970s and those entering

in the 1990s.

There are several reasons why this is di¤erent than Kambourov and Manovskii�s result.

First, we include more recent data (they use data up to 1997) which allows the life cycle

pro�le of those in the 1990�s to be better captured. As discussed in Guvenen and Kuruscu

(2009), it could be that life cycle pro�les are �atter in the beginning of the life cycle and

then turn sharply steeper later on. In this case, missing the latter part of the pro�le tends

to bias the result towards �nding a �attening. Secondly, they exclude females, non-whites

and part timers, all of which seem to comtribute to the steepening of life cycle pro�les. Fi-

nally, perhaps more importantly, the approach of Kambourov and Manovskii (2009) bunches

together di¤erent cohorts, starting as early as 1949 and going all the way to 1997. Finding

11Using individual years leads to life cycle pro�les that can vary signi�cantly from one age to another.
An alternative approach would be to �t smooth polynomials to the life cycle pro�les. We have tried this
approach and obtained very similar results to what we report here.
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that when one averages over all those cohorts, earnings pro�les have �attened over time is

consistent with steeper pro�les for the 70s cohorts compared to the 90s. All that is needed is

su¢ cient �attening from the 50s to the 70s or from the 70s to the 80s. This is compounded

by the lack of signi�cant amounts of data for the 90s cohorts (when only data up to 1997 is

used) which are the ones that actually face steeper pro�les.

Homeownership Pro�les

We use the same CPS data to obtain homeownership rates by age and we include ages

20 to 79. Since we ignore the data for years 1979 to 1982 and homeownership is reported

in the CPS only starting in 1976, we are left with three years of homeownership data in the

70s (1976-1978). We use an average over these three years to represent the life cycle pro�le

of homeownership for the 1970s. Similarly, we use an average for years 1994-1997 for the

homeownership pro�le after the skill biased technological change. We consider di¤erent age

groups and report the homeownership for each group before and after in �gure 2 of the main

text. Our rates are closely in line with those reported by Fisher and Gervais (2009) and by

Segal and Sullivan (1998). In addition, aggregate homeownership exhibits the same level of

stability close to 64% that is reported in Garriga et al (2009)12.

12Since the data is of low quality for the years 1979-1982, we have reproduced the aggregate homeownership
over time graph of Garriga et al (2009). in Figure 1.
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Appendix C: NIPA Data Appendix

As stated in the calibration section, the parameters �h, �k, �, � and � are calibrated to

match long run ratios computed from NIPA data, speci�cally to ensure our economy before

skill biased technological change conforms to the following numbers K
Y
= 1:65, H

Y
= 1:08,

Ik
Y
= 0:19 and Ih

Y
= 0:047 and capital income share of 0:32. Here we describe the construction

of these ratios.

We look at averages for the years 1947 to 2008. We de�ne the capital stock K to

include private non-residential �xed assets, the stock of inventories and the stock of consumer

durables. Accordingly, Ik includes private non-residential investment, changes in inventories,

consumer durable spending and net exports. On the housing side, the housing stock H is

de�ned as private residential �xed assets and Ih as private residential investment.

Our de�nition of Y in the above ratios captures GDP produced in the non-housing sector.

To contsruct Y , we therefore subtract expenditures on housing services from GDP.13 Given

our treatment of consumer durables as capital stock, we also need to add the �ow of services

from consumer durables to our measure of Y . These �ows are imputed in a manner identical

to Cooley and Prescott (1995), explained below.

The above calculations determine the four ratios mentioned above. For the computation

of the capital share in the production function of the non-housing sector, we follow Cooley

and Prescott�s (1995) approach closely. In particular, we �rst look at GDP minus the hous-

ing services (HS). Using Gross Domestic Income Table 1.10, we de�ne Labor Income (LI)

to be compensation of employees, Unambiguous Capital Income (UCI) to be rental income,

corporate pro�ts, interest and business current transfers and Ambiguous Capital Income to

include all the rest (i.e. proprietor�s income, taxes on production and imports less subsidies

and the current surplus of government enterprises). We assume housing income is all unam-

biguously capital income. We also de�ne depreciation (DEP) to be the consumption of �xed

capital. A preliminary share of capital income in private income excluding housing �p can

13These are taken from Table 2.4.5 Personal Consumption Expenditures by Type of Product.
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then be calculated as

�p =
UCI �HS +DEP
GDP �HS � ACI

Using this share we calculate capital income in measured GDP excluding housing as �p(GDP�

HS) and use this to impute the return to capital as

i = (�p (GDP �HS)�DEP ) =K

For the years in question this yields an average return of 7:9%. We then look at consumer

durables and estimate their depreciation rate by computing the investment to stock ratio and

subtracting the growth rate of real GDP (an average of 3:3%). The average is approximately

23%. The return i and the individual depreciation rates are then used to impute the value

of service �ows from consumer durables.

The imputed �ow is added to our measure of Y . The capital share is then recomputed

by adding this �ow to capital income and to GDP excluding housing, which yields a share

� = 0:32. This share is lower than the Cooley Prescott calculation (0:4) because we do not

include government capital in calculations and because we look at shares in non-housing

GDP.

Given that we do not explicitly model a government, we have to choose how to deal with

the government sector in the data. In our model, it is important to capture the relative sizes

of housing and non-housing capital for the private sector, since the latter is used asdownpay-

ment for the latter and the strength of the downpayment constraint depends on the relative

sizes of the two. In this sense, it would be misleading if we were to include government

capital as part of private capital. Our treatment implicitly assigns all government expendi-

tures (consumption and investment) to private consumption. An alternative approach would

be to only focus on private GDP and completely exclude the government sector from our

calculations.14 Following this approach, and assuming that capital and labor shares are the

14Pedro Silos (2005) takes this approach.



Skill-Biased Technological Change and Homeownership 26

same in the government and in the private sector, has a negligible e¤ect on our calibrated

parameters.

Adjusting for a population growth rate of 0:012, �h = 0:0317 and �k = 0:10 lead to the

desired investment to GDP ratios. The discount factor � and the preference parameter �

are used to match K
Y
and H

Y
respectively. The latter also implies a ratio of non-housing

consumption over total consumption expenditures equal to 0:81, which is roughly in line

with the 0:86 we �nd in the data.



Skill-Biased Technological Change and Homeownership 27

References

D. Acemoglu (2002), Technical Change, Inequality and the Labor Market, Journal of Eco-

nomic Literature, Vol. XL, pp. 7-72.

D. Autor, L. F. Katz and A. Krueger, (1998), Computing Inequality: Have Computers

Changed the Labor Market?, Quarterly Journal of Economics, 113, 1169-1214.

M. Chambers, C. Garriga and D. Schlagenhauf (2010), Accounting for the Changes in the

Homeownership Rate, Forthcoming, International Economic Review.

J. Fisher and M. Gervais, (2009), Why Has Homeownership Fallen Among the Young?,

Working paper.

C. Garriga, W. T. Gavin and D. Schlagenhauf, (2006) Recent Trends in Homeownership,

Federal Reserve Bank of St. Louis Review, 88(5), pp. 397-411.

C. Garriga and D. Schlagenhauf (2009), Home Equity, Foreclosures, and Bail-outs, Working

Paper.

M. Gervais, (2002), Housing taxation and capital accumulation, Journal of Monetary Eco-

nomics, 49, 1461-1489

F. Guvenen and B. Kuruscu, (2009), A Quantitative Analysis of the Evolution of the U.S.

Wage Distribution: 1970�2000, NBER Macro Annual, forthcoming

G. Hansen (1993), The Cyclical and Secular Behavior of the Labor Input: Comparing E¢ -

ciency Units and Hours Worked, Journal of Applied Econometrics 8, pp. 71-80.

J. Heathcote, F. Perri and G. Violante (2010), Unequal We Stand: An Empirical Analysis

of Economic Inequality in the United States, 1967-2006, Review of Economic Dynamics,

13/1, p. 15-51



Skill-Biased Technological Change and Homeownership 28

J.J. Heckman, L. Lochner and C. Taber, (1998), Explaining Rising Wage Inequality: Explo-

rations with a Dynamic General Equilibrium Model of Labor Earnings with Heteroge-

neous Agents, Review of Economic Dynamics, vol. 1(1)

G. Kambourov and I. Manovskii, (2009), Accounting for the Changing Life-Cycle Pro�le of

Earnings, Working Paper.

P. Krusell, L. Ohanian, J. Rios-Rull, (2000), Capital-Skill Complementarity and Inequality:

A Macroeconomic Analysis, Econometrica vol. 68, pp. 1029-1054

W. Li, (2005), Moving Up: Trends in Homeownership and Mortgage Indebtedness, Federal

Reserve Bank of Philadelphia Business Review Articles

H. Jeong, Y. Kim and U. Manowski, (2008) The Price of Experience, Working paper.

M. Nakajima, (2008), Optimal Capital Income Taxation with Housing, Working paper.

L. Segal and D. G. Sullivan, (1998), Trends in Homeownership: Race, Demographics, and

Income, Economic Perspectives, Vol. 22.

K. Storesletten, C. Telmer and A. Yaron (2004), Cyclical Dynamics in Idiosyncratic Labor-

Market Risk, Journal of Political Economy, 112 (3), pp. 695-717.

F. Yang, (2009), Consumption over the life cycle: How di¤erent is housing?, Review of

Economic Dynamics 12, 423-443.



Skill-Biased Technological Change and Homeownership 29

FIGURE 1: AGGREGATE HOMEOWNERSHIP RATE
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Table 1: Homeownership rates by age (Data)

Age of Household Head 1970s 1990s 1970s� 1990s

20-24 23.9 17.6 -6.3

25-29 45.4 37.1 -8.3

30-34 64.3 55.0 -9.3

35-39 71.9 64.8 -7.1

40-44 75.9 71.7 -4.2

45-49 78.8 76.8 -2.0

50-54 79.7 80.0 0.3

55-59 80.2 82.0 1.8

60-64 78.9 83.4 4.5

65-69 76.3 84.1 7.8

70-74 72.9 83.7 10.8

75-79 69.2 80.1 10.9

Overall 65.7 64.4 -1.4
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Age Group (initial age)

FIGURE 2: HOMEOWNERSHIP RATES BY AGE (DATA)
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FIGURE 3: U.S. EXPERIENCE PREMIUM
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Age Group (initial age)

FIGURE 4: INCOME PROFILES OVER THE LIFE CYCLE (DATA)
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FIGURE 5: INCOME PROFILES OVER THE LIFE CYCLE (MODEL)
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Age Group (initial age)

FIGURE 6: HOMEOWNERSHIP RATES BY AGE (MODEL)
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Table 2: Homeownership rates by age (Model vs. Data)

Age of Household Head 1970s 1990s 1970s-1990s 1970s 1990s 1970s-1990s

Data Data Data Model Model Model

20-24 23.9 17.6 -6.3 24.1 8.6 -15.5

25-29 45.4 37.1 -8.3 43.2 26.4 -16.8

30-34 64.3 55.0 -9.3 54.9 43.3 -11.6

35-39 71.9 64.8 -7.1 65.1 56.3 -8.8

40-44 75.9 71.7 -4.2 72.4 66.2 -6.2

45-49 78.8 76.8 -2.0 78.2 74.6 -3.6

50-54 79.7 80.0 0.3 82.6 80.3 -2.3

55-59 80.2 82.0 1.8 85.4 84.2 -1.2

60-64 78.9 83.4 4.5 86.8 86.6 -0.2

65-69 76.3 84.1 7.8 87.9 88.4 0.5

70-74 72.9 83.7 10.8 86.7 88.8 2.1

75-79 69.2 80.1 10.9 83.7 86.0 2.3
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Age Group (initial age)

FIGURE 7: AVERAGE ASSET HOLDINGS OVER THE LIFE CYCLE
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FIGURE 8: TOTAL ASSETS OVER THE LIFE CYCLE
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FIGURE 9: FINANCIAL ASSETS OVER THE LIFE CYCLE
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FIGURE 10: HOUSING ASSETS OVER THE LIFE CYCLE
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