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Housing Tenure Choice Implications of Social Networks

By Abdul Munasib

Abstract

The influence of social networks on housing tenahmice remains
conspicuously unexplored despite the fact thatasaoetworks are crucial in
information dissemination. Social networks can emage the attainment and
retention of homeownership by channeling importardwledge and information
regarding household finance, wealth managementehoaintenance, etc. Social
networks also provide greater connection to theatlon thereby potentially
encouraging locational stability and homeownership.

The analysis of the relationship between socialvadis and housing
tenure decisions, however, is complicated becadséhe issue of mobility.
Because social networks in large part are tiedh® physical location, this
relationship cannot be studied in isolation frora thobility decision. This paper
presents a dynamic model of joint mobility-housiiegure decision and social
network accumulation. Parameters of the dynamignara are estimated using a
simulated method of moments (SMM) procedure. Théa dsource is the
Indonesian Family Life Survey (IFLS), a large scalervey of Indonesian
households, which contains rich information on camity participation by
households allowing the construct of a comprehensweasure of social
networks.

JEL Classification: D85, J6, R, R2, R21, Z13
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[. Introduction

The recent literature on housing tenure choice e focusing increasingly on the
information aspects of the tenure decision [Haand Morrow-Jones 2007]. Research over the
last two decades has established the crucial impoetof social networks in information sharing
and dissemination [Durlauf and Fafchamps 2004]igoetworks can influence housing tenure
decisions by channeling knowledge and informatiegarding the housing market, household
finance and wealth management, home maintenarxe, et

The usefulness of social networks in economicsraamdeconomic lives of the individual
is well-established [Durlauf and Fafchamps 20044oe value social networks and these
networks can be viewed as an investment. As atrdasdividuals make concerted efforts to
accumulate social networks [Munasib 2005]. Sincgadmetworks in large part are tied to the
physical location, preserving and accumulating alaeetworks may be one of the reasons for a
household to pursue locational stability whichtum, may also encourage homeownership.

On the other hand, a housing tenure decision (lieribereferred to simply as ‘tenure’
decision) that comes with the relocation decisianses a large depreciation of social networks
[Glaeser et al. 2002, Durlauf and Fafchamps 2004inddib 2005] and thereby greater
transaction costsSince tenure decisions are frequently associatédavchange of location, a
study of the relation between tenure choice andakoetworks cannot be meaningful without
accommodating the mobility decisions. Researchax foften emphasized the importance of
modeling tenure choice and mobility decisions jginThe agent-based dynamic models of
mobility and tenure choice pose these two decisaan®int decisions [loannides and Kan 1996,

Ozyildirim 2005]. Several empirical studies haveoa¢stablished that tenure choice and mobility

! See Munasib [2005] for a discussion of mobilitglaine dynamic decisions of social network accuniuat



decisions are correlated [Zorn 1988, Boehm et @011 loannides 1987, loannides and Kan
1996, Kan 2000, Ozyildirim 2005].

Academic research on the relationship between lso@tworks and tenure choice,
however, is conspicuously absérthis paper presents a dynamic model of joint nitykiénure
choice with social networks and non-housing wealhstate variables. The solution of the
Bellman equation generates simulated moments teahatched with sample moments to obtain
simulated method of moments estimates of the pammef the dynamic program. These
parameter estimates are used to show that peotiidamger social networks are more likely to
be homeowners.

There are two main reasons to adopt the above omeatistructural estimation and the
dynamic framework. First, interactions among thaute-mobility decision, evolution of social
networks and wealth accumulation are inherentlyadyic. Consider the evolution of social
networks: social networks of each period are lmnlthe social networks of the previous period.
Now, a decision to relocate at a point in time,daysing a large depreciation, will not only
affect social networks of the immediate next petod also the entire profile of social networks
over the remaining lifecycle. Similarly, a decisitnbuy a home is likely to affect not only the
wealth of the immediate next period but also theaaing of the decision horizon. Households
maximizing lifetime utility are likely to take thesnto account.

Secondly, a reduced form estimation of the efféstogial network on the joint mobility-
tenure decision is complicated by the fact thatadaeetwork is endogenous. Since homeowners
are invested in the location of their homes theg kkely to have higher levels of social

involvement (and possibly more social networks) pared to non-owners [DiPasquale and

2 DiPasquale and Glaeser [1999] is a notable eiarepthat addresses some of the issues related dial so

involvements and homeownership.



Glaeser 1999]. By the same logic, households exjgettt move have a lower incentive to invest
in local social networks. A reduced form estimatadrihe causal effect of social networks on the
tenure decision will always crucially hinge on tradidity of instrument(s).

The data source of this paper is the Indonesianlfaife Survey (IFLS), a large scale
survey of Indonesian households, which contains imdormation on community participation
by the households. To construct a comprehensivesuneaf social networks | use a household’s
membership in various groups and organizations,adsvities and participations in these
organizations as well as intensities of these @p#dtions. This is an important contribution of
this paper because capturing intensities of intemag is rare in the literature.

In what follows, section Il discusses the issudated to social network measures,
section Il reviews the existing literature on fbet mobility-homeownership decision, section
IV discusses the general setup of the dynamic wecigrocess of the household, section V
describes the data, section VI explains the parmnmation and econometric model. Section VII

presents the results and section VIl concludes.

II. Social Networks
“Number of associational memberships” — the séedal“Putham’s Instrument”
popularized by Robert Putnam [Putnam 1995, Putn@@®]2— has a special place in thaeial
capital literature. It is one of the most frequently useeasures of social capitalWhen
membership is used to measure individual sociaitaaip is essentially based on the ‘network
view’ where social capital of an individual repreteher social connectedness; this view also

renders an optimization framework in a relativelyaight-forward manner [Durlauf and

% Carter and Maluccio [2003], Grootaert [2000], Nana and Pritchett [1999], Costa and Kahn [2003]|udecio,
Haddad and May [2001], and Helliwell [1996], arensoof the frequently cited studies that used tresisare. Also
see Durlauf and Fafchamps [2004] for a detaileslesuof studies that used this proxy.



Fafchamps 2004]. An alternative view of social talps the so-called ‘trust/co-operation’ view
of social capital that defines social capital asl#ével of trust in the society [Paldam 2000]. This
however, is not very conducive to individual optation [Munasib 2005, Glaeser, Laibson and
Sacerdote 2002, Durlauf and Fafchamps 2004]. Becthes idea of social capital is often too
broad and, at time, all-encompassing, we confinsadues to the narrower concept satial
network, which also is conducive to individual optimizatilackson 2005].

Number of membership alone, however, is not an walegmeasure of the individual’s
social network. Putnam’s Instrument is vulneraloleéhte following criticisms raised in Paldam
[2000], Sobel [2002], and Fukuyama [2000]. Membigrsiin voluntary organizations with weak
intensity could be difficult to keep track of. Largumber of voluntary organizations exists with
memberships that cost little and demand little aontor real trade-off. Such voluntary
organizations may claim a large membership whiéyttlo not require any sacrifice of time or
other resources. The justification for using intgnaeights come from the fact that, while some
voluntary organizations do not require much invakeat and little or no real trade-offs, there
are others that are very demanding and come to rddenithe lives of its members (church
affiliations, for instance). Thus, a household tissa member of several different groups may or
may not have more social networks compared to adtmlid where all members belong to just
one group because mere membership may not havsigmficant impact on social networks
unless the household actively participates in tlggeaps. In this study, | combine three kinds of
measures: the number of memberships, the amoutitnef spent in these organizations (an
intensity measure with real trade-offs) and cashtrdaution to these organizations (another
intensity measure with real trade-offs). The indbus created is referred to in this paper as

“multilevel index of social engagement”, or simphe “social network index”, for short.



[I1. Literature Review

Krumm [1984] and Zorn [1988] were the earliest wotkat explored empirically the
joint mobility-tenure decision. Zorn [1988] provelea cost-benefit analysis of the mobility
decision, joint with tenure prior to and after @edial move. Since mobility and tenure are both
binary decisions, this provides eight discreterafives for households, which he reduces to six
by assuming that households cannot change tentinewimoving. Zorn [1988] emphasizes the
simultaneous nature of mobility and tenure cho&iace it is assumed that housing consumption
cannot be adjusted without moving, this divides datwlds’ lifetimes into two terms, each of
which can be identified by their housing choiceeTtudget constraint incorporates the fixed
costs of moving as a flow cost. Any fixed costsoagsted with purchasing a home are assumed
to be perfectly capitalized into house prices. #os reason they do not show up as separate
costs in the budget constraint. Existing ownersataose to move-own, move-rent, or stay-own.
Existing renters can either move-own, move-renstay-rent. Li [1977] also addresses the joint
mobility-tenure decision, but in a purely statiatiéramework. He models mobility and tenure
decisions over time as a Markov process.

loannides and Kan [1996] develop a dynamic behalimodel of households’ decision
on residential mobility and housing tenure chomgether with the amounts of housing and non-
housing consumption. Household/individual behav®rformulated as a stochastic dynamic
programming problem in which a household makescuece of decisions (joint choices of
housing tenure mode, housing consumption and imeardtlevels, and non-housing consumption
level), which maximize remaining lifetime utilitf-hey also make the assumption that housing
consumption/investment can only be changed by ngoviihe possibility for adjustment through

home improvement is, therefore, ignored. They es@ntheir model using a random effects



model where individual heterogeneity is modele@ éisne-invariant random variable that varies
across individuals.

The links between social networks and homeownershiparely explored in the
literature. DiPasquale and Glaeser [1999], a raem@ion, argue that homeownership gives
individuals an incentive to improve their communi;d because homeownership creates
barriers to mobility it may encourage investmentoical amenities and social capital (measured
by organization memberships). Using the U.S. GénBrxial Survey they document that
homeowners invest more in social capital and thatge portion of the effect of homeownership

on these investments comes from lower mobilityg&e homeowners.

V. Model: The General Structure
The household has a finite horizdn Each period the tenure status of the household is
denoted by,

0 (notowning)

(1) ts =current t@urestatus= _
1 (owning)

Each period, the household must take a decigiaefined as follows.

1 (notmove continuecurrent t@urestatus)
2 (notmove changdenurestatus)

(2  x=

3 (move continuecurrent taurestatus)
4 (movechangeenurestatus)

The state variables, non-housing wealth and so@dlorks — both controlled Markov

processes — are, respectively,
(3) Vvt+1:W(Vvt’tSt’Xt’,7W’£W)i

(4)  sny =sn(sn,ts, %, 7™, Eg),



where, w denotes net non-housing wealth asd denotes social network levels of the
household. Parameterg’ and 7' account for individual heterogeneity in the comseaf the
evolutions of non-housing wealth and social netwprkspectively. The paje,,&,, dccounts

for stochasticities in the evolution processesebe state variables.

Each period the household receives a reward,
®G)  fi=fls.w,sn).
The reward is assumed to be a function of the Ingunure status. Dietz and Haurin [2003]
survey the literature on benefits of owned homed fAnd that a large number of studies
document benefits of living in an owner-occupiednieo Dietz and Haurin [2003] review the
literature on the benefits of home-owning and thete that there is good evidence to support
claims that homeownership has a positive effecthenlevel of household wealthAnother
positive effect is on the quality of home enviromh@enaghan and Parcel 1991], where a
contributing factor is a greater rate of home nmemance for properties that are owner-occupied
[Galster 1983; Gatzlaff, Green, and Ling 1998]. fEhis also an increasing amount of evidence
that the children of parents who are owner-occgpaahieve higher levels of cognition, have
fewer social problems, and are more likely latelifento become homeowners [Green and White
1997; Boehm and Schlottmann 1999; Haurin, Parcel,Haurin 2002f. The likely mechanisms

are the improved home environment, the greater rgpbgc stability associated with

* When real house value rises, real wealth tendadease. The long term evidence about the pragal@nd
distribution of increases in real house valuesuisegmixed [Dietz and Haurin 2003]. Wealth alsoymige through
gains in home equity as the mortgage is repaidrdnters also could participate in this type ofrtked savings”.
Haurin and Rosenthal [2004] find that the econogaiims resulting from house price appreciation aeglgminantly
saved.

® These studies include numerous economic and depbigrcontrol variables for parental and family kground
and the neighborhood. They also address the problenmobserved heterogeneity that could lead topsam
selection issues when comparing renters with owners



homeownership [Aaronson 2000], and the improveellef owners’ self-esteem [Rohe and
Stegman 1994].

Apart from non-housing wealth also appears in #veard function is the social network
because people derive satisfaction from social owdsv people rely on social networks as
informal insurance and derive satisfaction fromiaagng [Lin et al. 2001, Dasgupta 2002,
Durlauf and Fafchamps 2004, Munasib 2005].

The Bellman equation of the household’'s problemthe following. O ts O {01},

Vvt |][Wmin’wmax] ’ snt |j[snmin’sn ]’ 5D (0,1), t= 1-21'"1T’

max

6)  Vi(ts,w,sn) = max {f(ts,w,sn) + IV, (tS.1, W, S.a)}

X0{1,2.34}

In section VI, this general model is parameterittethake it operational for estimation.

V. Data

The data comes from the second and the third wgh83/ and 2000) of the Indonesian
Family Life Survey (IFLS) [Frankenberg et al., 192900; Strauss et al., 2004]. IFLS was
conducted in 13 provinces representing more thapeB8ent of the national population. While
the IFLS has two more waves (1993 and 2004) theseoaly two waves that have the
information about social networks.

A notable strength of this study is the comprehasrsss of the social network
information. The IFLS dataset is especially richteamms of the information it contains on
community participation (PM module) and other measwof social networks. The first measure
used is an index of the number of unique group negsiips of a household in the various
community groups. These groups range from orgapizatfor local governance, cooperatives,

and women’s groups with the focus on family welfawenanning community health posts. The
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motivation for using unigue memberships is thateoachousehold member participates in a
group, the household has access to the group’sondw A household whose members
participate in several different groups will hawe@ss to more social networks than a household
where all members belong to the same group. Howewere membership may not have any
significant impact on social networks unless thadeholds actively participate in these groups.
The next two indicators look at the time a houselsgends and the monetary contributions the
household makes per group membership. The PM marfuleLS-2 asked questions about 12
different groups. Time and money contributions esare multiplied with the number of unique
group memberships to obtain a composite index ofatmetworks. This approach is similar to
Maluccio et al. [20015.

Tables 1 presents the descriptive statistics ovHr@bles of interest. Table 2 shows the
variation in these variables across different jombility-tenure decisions; we see that non-
movers have higher levels of social networks. Tablgesents the means of age, non-housing
wealth and social networks across homeowners anebwoers; we see that homeowners have
higher levels of social networks. The age rangE9@7, for which usable data is available is [30,

65]. Between the two that gives us a horizon oy&&rs.

VI. Parameterization and Estimation Strategy
VI.1. Parameterization
[a] Time horizon:T =39.

[b] State variablets = tenure status. State transition function is,

® For example, suppose a household had 1 uniqug gnembership. Also the household was ranked andngs
median households in terms of attendance and inoj@ost quintile in terms of cash contributiorts. ihdex of

social network will be SN = 1 x [3/3] x [5/3] = B50n the other hand, if the household was a membene

group, but did not attend any meetings or make maopeontributions, it's score is SN = 1x [1/3]¥3] = 0.11. In

case of more than one group memberships, we usageveash and time contributions.
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@) = {O, if (ts, =0, x =13)or(ts =1 x =24)

1 if (ts =1 x =13) or (ts, =0, X, = 24)

[c] State variable:w = non-housing wealth, wherevO[w,,, W] =W . State transition

functions is,
BN +E W+ & (W) +E,, if x =13

(8) Vvt+1 = IBWHW +§(2 Vvt +<(22'(\Nt)2 +£w’ If t% ::L Xt = 2’4
BN+ EW + & (W) + €, if t5 =0, x =24

where, £, ~ N(0,02 ) and " is a value that comes from a distribution of nauging wealth
to capture heterogeneity. This approximates thesygf people (individual heterogeneity) in the
sample in the context of wealth accumulation (nwrehis in subsection VI.3.).

[d] State variable:sn = social network index, wherenJ[sn,, S\ = SN . State transition

function is,

BTNT +ysn + ()’ + €, if x =12

9 ;. ={ _
L BT T s+ yp(sn) H ey, if x =34

where £, ~N (0,02 ), and 7™ is a value that comes from a distribution of sbciatwork

heterogeneity. This approximates types of househ@hdlividual heterogeneity) in the sample in
the context of evolution of social networks (agadetails on this are discussed in subsection
VI.3).

[e] Reward function:

(W)™ | (sn)™”
1-n 1-6

(10)  f(ts,w,sn,%) = futs +

12



where, 1 represents the effects of owner-occupation (amest 1 > 0would indicate benefits

of homeownership) compared to non-ownership. Tharpaters{s7,6 }are associated with the

utilities derived from non-housing wealth and sboigtworks, respectively.

[f] Bellman Equation:

(11) Ow, OW, Osn, OSN, discount factoo 0  (0J)andt =12,...,T,

Vi(w, s, 0) =

W)™, (s

1-n 1-6
W), ()"

max

1-n 1-6
W)™, ()™

1-n 1-6

ARG

Ve(w, s, 1) =

ps +

1-n 1-6

(W)™, (sn)™

+ Ml(ﬂwnw +&EW + &L (W) +eE, , BTy + ()P ey 0),
+ cf\4+1(ﬁwf7w +EW & (W)t E, , BTNT H e + Y (sn)P + ey, 1),
+ J\4+1(ﬁwl7w +EW +E,.(W)P+e, , BT+ y,sn + Y, () + e, 0),

t+1(IBW'/7W HEW & (W)t e, , BTNT ety () e, , 1)

1-n

1-6

(W)™ (sn)"

+ 5\4+1(ﬁwf7w +&EW & (W) +E, , BTNT +psn + . (sn)? e,

[+
1_
max d

1-6

W), ()"

F N (B 7"+ & W+ &y (W) HE, , BTN+ S+ Y (s0)? +

s +
H1S 1-7

juts +

1-6

(W)™, (sn)*?

1-n

1-6

VI1.2. Estimation Strategy

+ é\/m(ﬂwnw +&E W +E,. W)+, BTNT H Y, + () e,

+ Jvm(ﬁwnw +&E W+ &y (W) HE, , BINT Y, + Yy (s0)P + e,

The Bellman equation can be solved for the optipw@icy as a function of the state

variables. This policy function and the state titams functions can be used to calculate various

moments of the action and the state variables sitmdilover thel horizon. On the data side,
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similar moments can also be constructed, whichtlagedata moments. Setting=  09the
Simulated Method of Moments (SMM) estimate of theaf parameter® s,
(12) B, =argmin [p° -y*©))W (p° -¢*©))
where,

© ={u,n,6,B",61, &5, &5y §11v $201 €33 B Vi Voo Var Vaok s

¢° = moments calculated from the data,

¢°(©) = moments obtained from the simulated data, and

W = the weighting matrix.

Let the data matrix be denoted by,
(13) D ={aQeios7+ X107+ Xiso7+ 1Sia07 + 12000 Waao7  Waoao : a7 Saooo) -
Thus, there are two observations of each of the staiables for each individual on a 3-period
interval. A combination of vectofsrom D helps createp(=34 Ynmoments,°. Using the
solution of the dynamic program, the optimal policy Xx(ts, w, sn;®@), Monte Carlo simulation
generates time-pathgx®(0),ts°(0),w>(0),sn>(0)[t =1,...,T}. The simulated data matrix
constructed from these time-paths is,
(14)  S={age’, % (0),157(0),157;(0), W (©), W5 (0), 50 (), s (O)t =1,...T -3},
which is the simulation counterpart @. The samep moments,y/°, are created fronS.

Estimated parametefB minimizes the weighted distance betwegh and ¢ °. The weighting

" For example, from the matri¥ ={V,,Y,} a set of moments can be created from the combmatiovectors

SRR ANAY
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matrix W = f\;l, where f\T is the estimated variance-covariance matrix ofdtbination of

vectors from matrixD that were used to creage data momentg/°®.

In this minimum distance estimation procedure tliteigon function,

15) (w° -¢s©@)W (w° -¢3(©) I - x*(p-q),

where, p is the number of moment conditions ands the number of parameters [Ruud 2000].

This is used to assess whether the minimized disthatween the sample data and the simulated
data is satisfactory.
V.3. Individual Heterogeneity

The sample data is contaminated by individual loggeneity across individuals. To
account for this,(7",n*™ )were introduced in the model. Different values/gf and ™" are
picked from kernel density estimates of non-housiwgglth and social networks, respectively.

For each pain”,n™ )the Bellman is solved. Each pair represents a tffhousehold. | used

two, three and four value picks for each/gf and 7", giving us four, nine and sixteen pairs,

respectively. For example, when two values areqacfhigh type and low type) there are four
pairs: high-wealth-high-social-network type, higleaith-low-social-network type, low-wealth-

high-social-network type and low-wealth-low-soam@twork type. Similarly for three values

(nine types of households) and four values (sixtgpas of households).

V.4. Stochasticity

| use the following estimates @& ,,0,, ih the stochastic dynamic program (11). First,
non-housing wealthw,,,,) is regressed oRge q;, X007, 1Si0e; 8N, W,ge,; then the residual is

calculated. The standard deviation of this residsialsed as an estimate af,. The estimate

15



used foro, is the standard deviation of the residual fromegression of social networlsif,,,)
oN age 4y, %497, aNA SN o, Residuals of these estimates are reported ireTabl

V.5. Iterations

The objective of the estimation strategy is to fthd © that brings the model closest to
the data by minimizing the weighted distance betwieir respective moments. The iterations
of this estimation process are as follows.

1. Pick a®.

2. Pick (four/nine/sixteen) pairs ¢§",n>" .)

3. For each pair of(n",n™ )and the ®, the Bellman (equation (11)) is solved using the

collocation method [Miranda and Fackler 2082].

4. Simulate moments off the optimal action and esponding state variables. Calculate
momentsy/®.

5. Match withg/® and calculate the weighted distance.

6. Pick anothe® and repeat steps 2 to 5.

After a large number of iterations, ti@ that produces the minimum distance is @@M :

VIl. Results

The criterion function in equation (15), evaluatgdthe estimated parameter values, is
distributed y*. Table 5 presents thg” test results which show that the distance betwhen

simulated and the data time paths are minimized,afb the three kinds of heterogeneity

experiments, at a statistically acceptable level.

8 This dynamic program has an action that is discaeid three state variables one of which is alsorelie.
Naturally, no Euler equation can be derived.

16



As a comparison, figure 1 presents the kernel tieestimates of actual and simulated
state variables: non-housing wealth, social netgoakd tenure status. They show considerable
conformity. Table 6 presents all the parametenestes and their standard errors.

To exhibit the impact of social networks on homemgn following comparative
dynamics are carried: using the estimated parasjetee policy and state variables are

generated. Table 7 presents the mean values & aesibles for the following cases:

(a) The average household (the benchmark casepge/galues of(n",7*" )

(b) High wealth household: high value gf and mean value af*'

(c) Low wealth household: low value af* and mean value of*

(d) High social network household: mean valuesgf and high value off™

(e) Low social network household: mean valuergf and low value ofy™

(f) High wealth and high social network househdiigsh value of % and high value off™

(g) Low wealth and low social network householdv kealue of 7" and low value of7™

Under the heterogeneity level 16, 78 percent eirtB9 years lifecycle the average
household lives in its owned home (the benchmask)aligh social network households live in
owned homes for 82 percent of this lifecycle, lowalth households 74 percent of this lifecycle,
an 8 percent spread. Between high wealth and loaltivdouseholds this spread is 13 percent,
85 percent versus 72 percent. Similar trends amvishin case of nine and four pairs of
heterogeneity levels. A comparison between highltwdagh social network households with
the low wealth low social network households shawspread of 21 percent, 86 percent versus
65 percent. Similar trends are exhibited in theeptivo heterogeneity experiments (i.e., 9 and 4

pairs).

17



VIII. Conclusions

This is the first study of the impact of socialwetks on housing tenure choice. It builds
a dynamic model and estimates its structural paenselt analyzes the joint mobility-tenure
choice mechanism of the household while taking atoount social network accumulation. In
the estimation of the parameters it accommodatesddividual heterogeneity in the data.

The policy emphasis of homeownership promotionaglyp a reflection of the fact that
recent research provides evidence of numerous egonand social benefits accruing to
homeowners [Dietz and Haurin 2003]. Given the cstesit findings of the importance of social
networks in both economic and non-economic aspettthe individual’'s life [Durlauf and
Fafchamps 2004], the study of the impact of sociatworks on the determination of
homeownership is likely to have substantial appeglblic policy discussions.

Especially in the United States, where homeownprisha major policy issue, this could
be of particular interest. One of the major disauss surrounding the current
subprime/foreclosure crisis in the US is whetheopgbe made poor and uninformed choices
regarding home-buying due to a lack of understapdirthe home-buying process, the mortgage
market, and the sustainability of homeownerhsimc&isocial networks make available to a
decision maker the accumulated knowledge and expegi within the network, it deserves a
closer look. Social networks may be exploited idesrto attain more efficient and sustainable
tenure decisions. Information diffusion and spredknowledge may in fact be more effective if
it is shared through social interactions compacettaditional avenues of learning [Munshi and
Myaux 2002]. In fact, studies on agricultural teclogy adoption show that such weaker and
more moderate social forces can be even more e#etitan highly visible, more demanding

external controls [Lynne et al. 1995].
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Tables

Table 1: Descriptive Statistics

Variable Label Obs Mean Std. Min Max
ag€e;  Age in 1997 1765 46.46 9.51 30.00 65.00
Sy997 Social network index in 1997 1765 1.97 2.28 0.00 18.77
SNy000 Social network index in 2000 1765 1.87 2.22 0.00 14.67
Wigg7 Non-housing wealth 1997 (1,000,000 Rupiah) 1765 37.64 90.61 0.00 1046.60
Wao00 Non-housing wealth 2000 (1,000,000 Rupiah) 1765 34.72 76.58 0.00 914.70
X Mobility-tenure joint decision between 1997 and @00 1765 1.27 0.65 1.00 4.00
1S)g97 Homeownership in 1997 1765 0.75 0.44 0.00 1.00
15000 Homeownership in 2000 1765 0.79 0.41 0.00 1.00
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Table 2: Variation Across Different Mobility-Tenudeint Decision

Not move +
continue current Not move + change Move + continue

Move + change

tenure current tenure current tenure current tenure
Number of observations 1455 188 82 40
ad€y; Agein 1997 47.08 44.02 43.34 41.90
Sge7  Social network index in 1997 2.00 2.02 1.29 1.83
SN0 Social network index in 2000 1.94 1.75 1.05 1.87
Wigg7 Non-housing wealth 1997 37.62 35.11 47.12 30.88
Wao00 Non-housing wealth 2000 35.40 26.55 42.06 33.45
S5,  Homeownership in 1997 0.83 0.32 0.43 0.35
1S5000 Homeownership in 2000 0.83 0.68 0.43 0.65

Table 3: Difference across Homeowners and Non-osvner

Non-homeowners Homeowners Non-homeowners Homeowners

(1997) (1997) (2000) (2000)
Number of observations 1315 372 1393
Age 43.32 47.53 46.38 50.28
Social network index 2.11 1.44 1.99
Non-housing wealth 38.79 27.93 36.53
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Table 4: Residuals of Regressions to Estinfate o, )

Variable Mean Std. Min Max
Residual of the regression of,,,, 0N {ag€,qq7, X1997» 1S1997 s Wig97} 0.00 66.97 -353.97 848.04
Residual of the regression e, on {age,qq,, X097 SN 0g7 }- 0.00 1.95 -6.98 9.85

Note: (a) N = 1765. (b) From these regressionsdlh@wing estimates are obtainefly,, =6697,0,, = 195 .

Table 5: y? Tests

Heterogeneity
16 pairs 9 pairs 4 pairs
X* statistic 1.80 2.14 1.87
1% 36.19 36.19 36.19
Critical values 5% 30.14 30.14 30.14

10% 27.20 27.20 27.20




Table 6: Parameter Estimates and Standard Errtaed&d Errors in Parenthesis)

Heterogeneity H n 2]
16 pairs 21.07133 0.62568 0.78730
(0.0058808) (0.0002546) (0.0001377)
9 pairs 21.03444  0.62297 0.78354
(0.0007575) (0.0000616) (0.0000449)
4 pairs 21.06888 0.62593 0.78707

(0.0009122) (0.0000299) (0.0000237)

Heterogeneity B" & & <3 &n & $a
16 pairs 0.13090 0.04099 0.28948 0.67230 0.00011 0.00013 0.00010
(0.0001351) (0.0002927) (0.0002188) (0.0003289) (0.0001999) (0.0002711) (0.0001479)
9 pairs 0.13077 0.04019 0.28423 0.67137 -0.00047 -0.00048 0.00003
(0.0000705) (0.0000780) (0.0000227) (0.0000311) (0.0000370) (0.0000600) (0.0000216)
4 pairs 0.13154 0.04038 0.28847 0.67275 -0.00104 -0.00109 -0.00004
(0.0000427) (0.0000496) (0.0000199) (0.0000570) (0.0000382) (0.0000779) (0.0000568)
Heterogeneity B~ Vi 2 Viu Va2
16 pairs 0.24040 0.74650 0.54090 0.00010 0.00007
(0.0003907) (0.0001949) (0.0003560) (0.0003068) (0.0002071)
9 pairs 0.24069 0.74371 0.54103 -0.00054 -0.00057
(0.0000472) (0.0000421) (0.0000504) (0.0000514) (0.0000516)
4 pairs 0.24138 0.74741 0.54206 -0.00118 -0.00120
(0.0000325) (0.0000207) (0.0000762) (0.0000289) (0.0000466)
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Table 7: Lifetime Averages

Benchmark: Low High Low
, . average wealth High social . High Low wealth + wealth +

Heterogeneity Variables . social , : :
and social network wealth wealth high social low social

network

network network network
Mobility-tenure decision 1.22 1.18 1.25 1.15 1.27 1.14 1.35
16 pairs Wealth 21.21 27.26 24.80 89.97 1.27 111.95 3.59
Social network 1.70 3.10 0.32 1.78 1.12 6.15 0.27
Homeownership 0.78 0.82 0.74 0.85 0.72 0.86 0.65
Mobility-tenure decision 1.24 1.24 1.35 1.19 1.31 1.20 1.25
9 pairs Weqlth 25.63 25.94 21.92 66.66 2.92 65.52 3.49
Social network 1.06 1.92 0.50 1.49 0.72 2.24 0.35
Homeownership 0.75 0.76 0.64 0.81 0.68 0.80 0.74
Mobility-tenure decision 1.25 1.21 1.27 1.24 1.27 1.20 1.31
4 pairs Weqlth 19.48 20.48 18.57 31.47 7.99 32.92 7.62
Social network 1.20 2.14 0.32 1.41 1.18 2.25 0.34
Homeownership 0.75 0.79 0.72 0.76 0.72 0.80 0.69
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Kernel Densities: Non-housing Wealth

Figure 1: Kernel Density Estimates of Actual anch@ated State Variables
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