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Résumé 

L'objectif principal de cette thèse est de comprendre comment les interactions sociales 
peuvent affecter l'état de santé via des changements dans certains comportements. Trois 
raisons motivent l'intérêt pour cette question. Premièrement, des habitudes de vie telles 
que les mauvaises habitudes alimentaires ou le manque d'activité physique représentent 
un facteur de risque important pour la santé et donc une source de coûts qui pour
raient être évités. Deuxièmement, il s'agit de mieux comprendre la façon dont certains 
problèmes affectent le capital santé des jeunes. Troisièmement, les interactions sociales 
qui influencent certains comportements sont une source d'externalités qui amplifient 
l'impact de chocs sur la santé, nécessitant ainsi l'adoption de politiques appropriées. 

Dans le premier essai, nous analysons l'épidémie d'obésité observée chez les jeunes 
américains. Ce problème a fait couler beaucoup d'encre récemment. La plupart des 
recherches publiées sur ce sujet étudient l'aspect socialement contagieux de l'obésité 
mais sans en expliquer les mécanismes. Dans un premier temps, nous allons au delà de 
cette approche pour analyser si la présence d'une telle épidémie sociale est due à des 
effets de pairs dans les habitudes alimentaires. Nous mettons en particulier l'accent sur 
la consommation de malbouffe. Dans un deuxième temps, nous examinons l'impact de 
cette consommation sur la dynamique des gains de poids. 

Dans le deuxième essai, nous nous intéressons à un second mécanisme de contagion 
sociale, soit les interactions sociales dans la pratique d'activités physiques chez les 
jeunes américains. A cet effet, nous évaluons d'abord la présence d'effets de pairs sur 
ces comportements chez les adolescents. Nous estimons ensuite l'impact de l'activité 
physique sur leur état de santé. 

Le troisième essai porte sur l'impact d'un régime relativement généreux de pension 
de vieillesse sur la santé des enfants en Afrique du Sud. Nous étudions en particulier 
si les effets attribués à ce programme sont dus à des changements comportementaux se 
traduisant par une augmentation de la cohabitation entre personnes Egées prestataires 
de la pension et les jeunes enfants. 





Abs t r ac t 

This thesis is composed of three essays. The first paper aims at opening the black box 
of peer effects in adolescent weight gain. Using Add Health data on secondary schools 
in the U.S., I investigate whether these effects partly flow through the eating habits 
channel. Adolescents are assumed to interact through a friendship social network. I 
first propose a social interaction model of fast food consumption. My approach allows 
to control for correlated effects at the network level and to solve the simultaneity (reflec
tion) problem. I exploit results by Bramoullé, Djebbari and Fortin (2009) which show 
that if there are two agents who are separated by a link of distance 3 within a network 
(i.e., two adolescents who are not friends but are linked by two friends), peer effects 
are identified. The model is estimated using maximum likelihood and generalized 2SLS 
strategies. I also estimate a panel dynamic weight gain production function relating 
an adolescent's Body Mass Index (BMI) to his current fast food consumption and his 
lagged BMI level. Results show that there are positive significant peer effects in fast 
food consumption among adolescents belonging to a same friendship school network. 
The estimated social multiplier is 1.59. My results also suggest that, at the network 
level, an extra day of weekly fast food restaurant visits increases BMI by 2.4%, when 
peer effects are taken into account. 

The objective of the second paper is to assess wether there are peer effects in physical 
activity in an attempt to shed light on mechanisms through which peer effects in health 
outcomes may flow. I first propose a social interaction model for adolescents' physical 
activity. In this model adolescents interact through a friendship social network. The 
approach that I use accounts for correlated effects at the network level and solves the 
simultaneity problem. Using the identification method developed by Bramoullé et al. 
(2009) I estimate the peer effect model using maximum likelihood and generalized 2SLS. 
I also estimate a dynamic health production function in which I related an individual 
health status to his physical activity and his lagged health status. Estimation results 
show that there are positive significant peer effects in exercising of 0.11 and that ex
ercising has a positive significant effect on health status of 0.09. The associated social 
multiplier is 1.12. This suggests that an increase in physical activity frequency improves 
health status by 5 % in the short-run and 6% in the long-run. 

Finally, based on the empirical evidence on the impact of South African old-age 
pension on children's health (Duflo, 2003) as well as on living arrangements (Edmonds 
et. al., 2005) the third paper investigates wether this pension program may be affecting 
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children's health through changes in living arrangements. Most of the literature on 
the income-health gradient focuses on the challenges to causal inference arising from 
omitted variable bias and simultaneity problem, yet few tackle the mechanisms by which 
income affects health. This paper contributes to the literature on the mechanisms of 
the income-health gradient by extending the work of Case and Deaton (1998) and Duflo 
(2003) and exploiting results from the statistical and econometric literature (Flores and 
Flores-Lagunes, 2007) to identify the effect of the pension income on children's health 
net of changes in living arrangements. My results show that there is no evidence of a 
net income effect. This suggests the results obtained previously may be entirely due to 
changes in the compositions of households with no real improvement in children's health. 
It also suggests that pension cash transfers targeted to the elderly poor do not trickle 
down to children. It cautions against conditioning on variables that are themselves 
affected by a treatment when estimating average treatment effect on beneficiaries. 
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Chapter 1 

Introduction 

This dissertation focuses on modelling the effects of social networks (friends and house
hold structure) on health. Externalities created by social networks have recently gained 
interest and credibility in public and health economics. In this context, leading research 
questions from a public economic perspective concern the pathways through which in
teractions of networks and health can be channeled. My thesis provides an empirical 
analysis of such interaction channels, in developed and developing countries. In three 
essays, I analyze various health outcomes including adolescents' eating habits, physical 
activity as well as children anthropometric measures, and identify different interaction 
and transmission mechanisms. From a public economic perspective, my focus on pre-
adults (adolescents and children) is motivated by policy considerations. Childhood and 
adolescence investment in health capital (e.g., lifestyle, nutrition) sets the ground for 
long term health. Indeed, public policies that affect youths' health capital may be more 
efficient than alternative redistributive welfare policies targeting adult stages of life. 

From this perspective, I first investigate the prevalent problem of obesity among 
young adolescents in the United States. Lately, the economic burden of obesity costs 
has been one of the major concerns of health policy makers in the United States. While 
there are many theories by which one may explain this spread, my approach is based on 
the hypothesis that an exogenous technological shock on fast food supply accentuated 
by the presence of peer effects at the consumption level may be behind this spread. The 
increase in fast food supply lead to an increase the quantity of fast food consumed. In 
the presence of a social multiplier, this increase lead to an increase in the demand for 
fast food and thus to a further increase in the quantities consumed. 

The empirical evidence provided in the economic literature seems to be pointing at 
the social multiplier as a responsible for the obesity epidemics (Christakis and Fowler, 



2007a; Trogdon et al., 2008; Renna et al., 2008). Yet, the validity evidence provided by 
Christakis and Fowler (2007a) has been debated by Cohen-Cole and Fletcher (2008a) 
and Fowler and Christakis (2008c). Recently this debate was revived and the approach 
adopted by Christakis and Fowler (2007a) was criticized Lyons (2011) and Shalizi and 
Thomas (2011). While the statistical methodologies used in the estimation of social 
interaction models are still not perfect, I use one of the most recent identification and 
estimation methods. 

In my second chapter, I take the evidence on the presence of peer effect and obesity 
a step ahead, and go beyond the black box approach to peer effects models. I identify 
one of the possible behavioural channels through which the identified peer effect may 
flow: eating habits. A simple interaction with an obese person is unlikely to produce a 
direct impact on a person's body weight. Thus, if such contagion exists, then it must 
be mediated at the behavioural level. This behavioural change may occur as a result of 
a direct effect (i.e., emulation) on eating habits. It may also be the result of an indirect 
effect namely through a change weight perceptions (Blanchflower and Oswald, 2009; 
Oswald and Powdthavee, 2007). In this paper, I focus on the behavioural mechanism 
as it presents many advantages. First, even if there are peer effects at the perception 
level these peer effects are translated at the behavioural level. By investigating the 
presence of peer effects in eating habits (more specifically fast food consumption) one 
can capture this indirect dimension. Second, by looking at a behavioural variable 
(i.e., eating habits) rather than an outcome variable (obesity), one can use the derived 
information for policy purposes. Policies targeting eating habits are easier to implement 
than policies targeting individual's weight (which are discriminatory). Finally, since it 
is much easier to eat than to exercise, one can suspect that eating habits may be the 
leading cause of weight gain. 

To highlight the presence of a behavioural mechanism beneath the obesity epidemic, 
I use a two equation model. In the first equation, I use the linear-in-means model to 
model the peer effects in eating habits (proxied by fast food consumption).1 There 
are well known identification issues attributed to the use of such a model (Manski, 
1993). To address these identification issues, I use the recently developed methods by 
Bramoullé et al. (2009). According to the authors, once the correlated effects are taken 
into account, it is possible to identify endogenous peer effects as long as one can find 
two strangers who are related by two friends in the same social network. Using data 
from Add-Health, I consider peers (nominated friends) within the same school and test 
if the identification condition is satisfied. Then, I exploit the similarities between the 
linear in means model and spatial autoregressive model to estimate endogenous peer 

*De Agostini et al. (2007) provides evidence that suggests that rising weight trends are due to 
calories consumed outside home rather than at home. 



effects parameters utilizing maximum likelihood (as in Lee et al., 2010; Lin, 2010) and 
generalized spatial two stage least squares. As for the second equation in the model, it 
allows me to relate fast food consumption to weight gain through a production function. 

Combining these two equations together, I can obtain the impact of a fast food 
consumption's exogenous shock on weight gain while accounting for the impact of the 
social multiplier. Basically, this chapter's results are consistent with the hypothesis 
that if there are peer effects in obesity, a non-negligible part of it flows through eating 
habits. This, in turn, suggests that policies that would tax "fast food" may result in a 
double dividend situation where the externalities produced by fast food consumption 
would be internalized and government revenues would increase. 

In addition to the presence of peer effects in obesity, another body of the peer 
effect literature has investigated the presence peer effects in different health outcomes 
(Cohen-Cole and Fletcher, 2008a). This line of research was first used to show that one 
can find peer effects in any health outcome. However, a recently published article by 
Carrell et al. (2011) documented the presence of peer effects in physical fitness. The 
transmission mechanism behind these peer effects were not investigated by the authors. 
Yet, works by Yakusheva et al. (2010), Jago et al. (2010) and Babcock and Hartman 
(2010) using experimental approach, provided evidence that supports the presence of 
peer effects in exercising. In my third chapter, I combine experimental evidence on 
the presence of peer effects in health outcomes with the experimental evidence on the 
presence of peer effects in physical activity. I investigate whether the peer effects in 
active lifestyle can be a possible channel by which one can explain the presence of 
such peer effects in health outcomes. Why is it important to identify the mechanism? 
While assessing the presence of peer effects in physical activity is important per se, the 
associated social multiplier can become more useful (from a policy perspective) once 
related to an outcome of public interest. 

To assess wether the presence of peer effects in health outcomes flow through peer 
effects in physical activity, I use Add-Health data on three physical activities: Exercis
ing, active sports and recreational sports and follow closely the methodology that was 
used in chapter 2. This chapter's results provide evidence that allow for the conclusion 
that active lifestyle (namely exercising) is a mechanism through which peer effects in 
health status flow. Thus subsidizing physical activity may be a good avenue to promote 
healthier and more productive individuals as well as curb the spread of chronic disease 
in general. 

My interest in the interaction of social networks (friends, family...) with health and 
the externalities it produces is not limited to developed countries. I investigate this 



same interaction from another perspective: whether household composition may be a 
possible channel through which income may flow to affect children's health. To assess 
this possibility, I exploit the unique nature of a South African quasi-natural experiment 
(universal Old Age Pension) and use the longitudinal nature of the data to identify 
changes in households' composition. I then use this information to block the impact 
of the pension on household composition and identify the net impact of the program 
on children anthropometric measures. My findings suggest that the pension program 
affects health through the change in household composition which results in sorting 
of children according to their health status. This suggests that pension cash transfers 
targeted to the elderly poor do not always trickle down to children. It cautions against 
conditioning on variables that are themselves affected by a treatment when estimating 
an average treatment effect on beneficiaries. 

This thesis consists of five chapters and unfolds as follows. Chapter two investigates 
whether the presence of peer effects in obesity partially flows through the presence of 
peer effects in fast food consumption. Chapter three looks at the presence of peer effects 
in physical activity in an attempt to highlight the presence of a transmission mechanism 
through which peer effects in health status flows. Chapter four, looks at the net impact 
of the South African old age pension on children health after netting out changes in 
their family composition. Chapter five concludes. 



Chapter 2 

Peer Effects, Fast Food 
Consumption and Adolescent 
Weight Gain 

2.1 Introduction 

For the past few years, obesity has been one of the major concerns of health policy 
makers in the U.S. It has also been one of the principal sources of increased health care 
costs. In fact, the increasing trend in children's and adolescents' obesity has raised the 
annual obesity-related hospital costs for this part of the population to $127 million per 
year. Obesity is also associated with increased risk of reduced life expectancy as well 
as with serious health problems such as type 2 diabetes (Ford et al., 1997; Maggio and 
Pi-Sunyer, 2003), heart disease (Li et al., 2006a; Calabr et al., 2009) and certain cancers 
(Abu-Abid et a l , 2002; Calle, 2007), making obesity a real public health challenge. 

Recently, a growing body of the health economics literature has tried to look into 
the obesity problem from a new perspective using a social interaction framework. The 
evidence suggests the presence of strong peer effects in weight gain. Christakis and 
Fowler (2007b), Trogdon et al. (2008) and Renna et al. (2008) seem to be unanimously 

^ h i s chapter was co-written with Bernard Fortin. 



pointing to the social multiplier as an important element in the obesity epidemics.** A 
social multiplier may amplify, at the aggregate level, the impact of any shock that affects 
obesity at the individual level. This is so because the aggregate effect incorporates, 
in addition to the sum of the individual direct effects, positive indirect peer effects 
stemming from social interactions. ' 

While the presence of the social multiplier in weight gain has been widely researched, 
the literature on the mechanisms by which this multiplier flows is still scarce. Indeed, 
most of the relevant literature attempts to estimate the relationship between variables 
such as an individual's Body Mass Index (BMI) and his average peers' BMI, without 
exploring the channels at source of this potential linkage.1 The aim of this paper is 
to go beyond the black box approach of peer effects in weight gain and try to identify 
one crucial mechanism through which peer effects in adolescence overweight may flow: 
eating habits (as proxied by fast food consumption). 

Three reasons justify our interest in eating habits in analyzing the impact of peer 
effects on teenage weight gain. First of all, there is important literature that points 
to eating habits as an important component in weight gain (e.g., Levitsky et al., 2004; 
Niemeier et al., 2006; Rosenheck, 2008)." Second, one suspects that peer effects in 
eating habits are likely to be important in adolescence. Indeed, at this age, youngsters 
have increased independence in general and more freedom as far as their food choices 
are concerned (Rolfes and Whitney, 1996). Usually vulnerable, they often compare 
themselves to their friends and may alter their choices to conform to the behaviour 
of their peers. Therefore, unless we scientifically prove that obesity is a virus,' it is 
counter intuitive to think that one can directly gain weight by simply interacting with 
an obese person."" This is why we are inclined to think that the presence of real peer 
effects in weight gain can be estimated using behavioural channels such as eating habits. 

2While Cohen-Cole and Fletcher (2008b) found that there is no evidence of peer effects in weight 
gain, most of the literature is consistent with the presence of these effects. 

'Researchers also found that friends had a significant effect in adolescent smoking, drinking, illicit 
drug use (Clark and Loheac, 2007; Fletcher and Ross, 2011) and risky sex (Jaccard et al., 2005). 

4One recent exception is Yakushe."d et al. (2010) who look at peer effects in weight gain and in 
weight management behaviours such as eating and physical exercise, using randomly assigned pairs of 
roommates in freshman year. 

'Another potentially important channel is physical activity (Trogdon et al., 2008). 
6 An indirect evidence of the relationship between eating habits and weight gain come from the 

literature on the (negative) effect of fast food prices on adolescent BMI (see Chou et al., 2005; Powell 
et al., 2007; Auld and Powell, 2008; Powell and Bao, 2009). See also Cutler et al. (2003) which relates 
the declining relative price of fast food and the increase in fast food restaurant availability over time 
to increasing obesity in the U.S. 

7We acknowledge that some recent studies have pointed that obesity might be partially due to a 
virus ad-36 (see Rogers et al., 2007). 

8Of course, having obese peers may influence a student's tolerance for being obese and therefore 
his weight management behaviours (Blanchflower and Oswald, 2009; Oswald and Powdthavee, 2007). 



Third, our interest in peer effects in youths' eating habits is policy driven. There has 
been much discussion on implementing tax policies to address the problem of obesity 
(e.g., Jacobson and Brownell, 2000; Marshall, 2000; Kim and Kawachi, 2006; Caraher 
and Cowburn, 2007). As long as peer effects in fast food consumption is a source of 
externality that may stimulate overweight among adolescents, it may be justified to 
introduce a consumption tax on fast food. The optimal level of this tax will depend, 
among other things, on the social multiplier of eating habits, and on the causal effect 
of fast food consumption on adolescent weight. 

In order to analyze the impact of peer effects in eating habits on weight gain, we 
propose a two-equation model. The first equation relates the teenager's fast food con
sumption to his reference group's mean fast food consumption (endogenous peer effect), 
his individual characteristics, and his reference group's mean characteristics (contextual 
peer effects). This linear-in-means equation also provides an estimate of the social 
multiplier in fast-food consumption. The second equation is a panel dynamic produc
tion function that relates the teenager's BMI to his current fast food consumption and 
his lagged BMI level. The system of equations thus allows us to evaluate the impact 
of an eating habits' exogenous shock on weight gain, when peer effects on fast food 
consumption are taken into account. 

Estimating our system of equations raises serious econometric problems. It is well 
known that the identification of peers effects (first equation) is a challenging task. 
These identification issues were pointed out by Manski (1993) and discussed among 
others by Moffit (2001), Brock and Durlauf (2001), and Blume et al. (2010). On one 
hand, (endogenous + contextual) peer effects must be identified from correlated (or 
confounding) factors. For instance, students in a same friendship group may have 
similar eating habits because they are alike or face a common environment. On the 
other hand, simultaneity between an adolescent's and his peers' behaviour (referred 
to as the reflection problem by Manski) makes it difficult to identify separately the 
endogenous peer effect and the contextual effects. This later task is important since 
the endogenous peer effect is the only source of a social multiplier. 

We use a new approach based on Bramoullé, Djebbari and Fortin (2009) and Lee, Liu 
and Lee (2010) to address these identification problems and to estimate the peer effects 
equation. First, we assume that in their fast food consumption decisions, adolescents 
interact through a friendship network. Each school is assumed to form a network. 
School fixed effects are introduced to capture correlated factors associated with network 
invariant unobserved variables (e.g., similar preferences due to self-selection in schools, 
same school nutrition policies, distance from fastfood restaurants). The structure of 
friendship links within a network is allowed to be stochastic and endogenous but is 



strictly exogenous, conditional on the school fixed effects and observable individual and 
contextual variables. To solve the reflection problem, we exploit results by Bramoullé 
et al. (2009) who show that if there are at least two agents who are separated by a 
link of distance 3 within a network (i.e., there are two adolescents in a school who are 
not friends but are linked by two friends), both endogenous and contextual peer effects 
are identified. The intuition is quite simple when there are no school fixed effects. In 
this case, identification conditions are less restrictive: peer effects are identified when 
a friend of an adolescent's friend is not his friend (link of distance 2, or intransitive 
triad). This provides exclusion restrictions in the model. More specifically, the friends' 
friends mean characteristics can be used as instruments for the friends' mean fast food 
consumption. Finally, we exploit the similarity between the linear-in-means model and 
the spatial autoregressive (SAR) model. The model is estimated using a maximum 
likelihood (ML) approach as in Lee et al. (2010) and Lin (2010). We also estimate 
the model with a distribution free approach: generalized spatial two-stage least square 
(GS-2SLS) proposed in Kelejian and Prucha (1998) and refined in Lee (2003). 

The estimation of the dynamic weight gain production function (second equation) 
also raises some challenging issues as fast food consumption and past BMI level are 
likely to be endogenous variables. In order to deal with these problems, we follow 
Arellano and Bond (1991) by first differencing the equation to eliminate the individual 
effects and by exploiting the orthogonality conditions that exist between lagged values 
of BMI and the current disturbances to generate instruments. 

To estimate our model, we use three waves of the National Longitudinal Study of 
Adolescent Health (Add Health). We define peers as the nominated group of individu
als reported as friends within the same school. The consumption behaviour is depicted 
through the reported frequency (in days) of fast food restaurant visits in the past week. 
Results suggest that there is a positive significant peer effect in fast food consumption 
among adolescents in general. Based on the ML approach, the estimated social mul
tiplier is 1.59. Moreover, the production function estimates indicate that there is a 
positive significant impact of fast food consumption on BMI. Combining these results, 
we find that, at the network level, an extra day of fast food restaurant visits per week 
increases BMI by 2.4% on average within a year. 

The remaining parts of this paper will be laid out as follows. Section 2 provides a 
critical survey of the literature on peer effects in obesity as well as its decomposition 
into the impact of peer effects on fast food consumption and the impact of fast food 
consumption on obesity. Section 3 presents our two-equation model and our estimation 
methods. In section 4, we give a brief overview of the Add Health Survey and we 
provide descriptive statistics of the data we use. In section 5, we discuss estimation 



results. Section 6 concludes. 

2.2 Previous literature 

In recent years, a number of studies found strong "social networks effects" in weight 
outcomes. In a widely debated article, Christakis and Fowler (2007b), using a 32-
year panel dataset on adults from Framingham, Massachusetts and based on a logit 
specification, found that an individual's probability of becoming obese increased by 
57% if he or she had a friend who became obese in a given interval. However, their 
analysis has been criticized for suffering from a number of limitations (see Cohen-Cole 
and Fletcher, 2008b; Lyons, 2011; Shalizi and Thomas, 2011).'' In particular, it ignores 
potential spurious correlations between two friends' BMI resulting from the fact that 
they are exposed to a same environment. Both Shalizi and Thomas (2011) and Lyons 
(2011) show that the relying on link asymmetries does not rule out shared environment 
as it claims. Also, the simultaneity problem between these two outcomes is not directly 
addressed by allowing the peer's obesity to be endogenous. Moreover, by introducing 
lagged obesity variables, it only partly takes into account the problem of selection 
that may occur as obese individuals may have a higher probability to become friends 
(for details see pages 217-218 in Shalizi and Thomas, 2011). Finally, by focusing on 
dyads over time, it introduces an upward bias resulting from the unfriending problem 
as defined by Noel and Nyhan (2011).'° The basic idea behind this argument is that 
people who are alike (homophilious) are more likely to maintain social ties. ' ' 

Using Add health data, Trogdon et al. (2008) include school fixed effects to account 
for the fact that students in a same school share a same surrounding. They also estimate 
their BMI peer model with an instrumental variable approach. They use information on 
friends' parents' obesity and health and friends' birth weight as instruments for peers' 
BMI. They find that a one point increase in peers' average BMI increases own BMI by 
0.52 point. Using a similar approach and based on Add Health dataset, Renna et al. 
(2008) also find positive peer effects. These effects are significant for females only (= 
0.25 point). These analyses raise a number of concerns though. In particular, they 
assume no contextual variables reflecting peers' mean characteristics. This rules out 
the reflection problem by introducing non-tested restriction exclusions. As a result, the 

9For a response to these criticisms and others, see Fowler and Christakis (2008b), Christakis and 
Fowler (2010) and VanderWeele (2011). 

10Unfriending means people who stop being friends with each other. 
u S t e e g and Galstyan (2011) show that there is a test for ruling out homophily related to the use 

of longitudinal social networks. The intuition behind the test being that if an individual reproduces 
the same sequence of events as his friend, it is unlikely that homophily is a source of this replication. 
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peer effect estimates may be inconsistent. Moreover, it is not clear that their instru
ments is truly exogenous as peers' parents obesity status or health may be correlated 
with unobserved variables influencing own BMI. Also, their instruments are ad hoc as 
they are not explicitly derived from the structural form of the model. In our approach, 
we introduce school fixed effects as well as, for each individual variable, the correspond
ing contextual variable at the peer level. We can thus identify both endogenous and 
contextual peer effects. In addition, our instruments are explicitly derived from the 
structural model. 

Using the same dataset, Cohen-Cole and Fletcher (2008b) exploit panel information 
(wave II in 1996 and wave III in 2001) for adolescents for whom at least one of same-sex 
friend is also observed over time. Compared with Christakis and Fowler's approach, 
their analysis introduces time invariant and time dependent environmental variables 
(at the school level). Friendship selection is controlled for by individual fixed effects. 
The authors find that peer effects are no longer significant with this specification. As 
in Trogdon et al. (2008) , their analysis ignores contextual variables, contrary to our 
approach. Moreover, the friendship network they used in estimations is incomplete, 
which may underestimate the endogenous peer effect (see Stinebrickner and Stinebrick-
ner, 2006b). 

All the studies discussed up to this point focus on peer effects in weight outcomes 
without analyzing quantitatively the mechanisms by which they may occur. The general 
issue addressed in this paper is whether the peer effects in weight gain among adolescents 
partly flow through the eating habits channel. This raises in turn two basic issues: 
a) are there peer effects in fast food consumption?, and b) is there a link between 
weight gain (or obesity) and fast food consumption? In this paper, we address both 
issues. The literature on peer effects in eating habits (first issue) is recent and quite 
limited. In a medical experimental context, Salvy et al. (2008) assess the presence of 
"peer effect" in pre-adolescent girls' snack intake as a function of the co-eaters' weight 
status. They show that overweight girls eating with an overweight peer consumed more 
calories than overweight participants eating with normal weight peers. In a recent 
natural experiment, Yakusheva et al. (2010) estimate peer effects in explaining weight 
gain among freshman girls using a similar set up but in school dormitories. Also, they 
test whether some of the student's weight management behaviours (i.e., eating habits, 
physical exercise, use of weight loss supplements) can be predicted by her randomly 
assigned roommate's behaviours. Their results provide evidence of the presence of 
negative peer effects in weight gain. Their results also suggest positive peer effects in 
eating habits, exercise and use of weight loss supplements. 

Two caveats of these two studies are their focus on girls and their limited sam-



11 

pie (e.g., recruited participants, freshman level students). Moreover their estimates 
are likely to underestimate social interactions effects as co-eaters or roommates do not 
reflect the true social network influencing students' weight management behaviours 
(Stinebrickner and Stinebrickner, 2006b). Finally, these studies do not estimate the 
causal links between behaviours and weight gain. Our paper finds its basis in this lit
erature as well as the literature on peer effects and obesity discussed above. However, 
while both works by Salvy et al. (2008) and Yakusheva et al. (2010) rely upon experi
mental data, we use observational non-experimental data. Thus, peers are not limited 
to assigned dyads.12 Rather, they are considered to have social interactions within a 
school network. This allows for the construction of a social interaction matrix that 
reflects how social interaction between adolescents in schools occurs in a more realistic 
setting (as in Trogdon et al., 2008; Renna et al., 2008). An additional originality of 
our paper lies in the fact that it relies upon a structural (linear-in-means) approach 
when relating an adolescent's behaviour to that of his peers. Also, the analogy between 
the forms of the linear-in-means model and the spatial autoregressive (SAR) model 
allows us to exploit the particularities of this latter model, in particular the natural 
instruments that are derived from its structural form. 

Regarding the second issue, i.e., the relationship between weight gain (or obesity) 
and fast food consumption, it is an empirical question that is still on the debate table.13 

There is no clear evidence in support of a causal link between fast food consumption and 
obesity. Nevertheless, most of the literature in epidemiology find evidence of a positive 
correlation between fast food consumption and obesity (see for a survey, Rosenheck, 
2008).w 

The economic literature reveals to be conservative with respect to this question. It 
focuses the impact of "exposure" to fast food on obesity. Dunn (2008), using an instru
mental variable approach, investigates the relationship between fast food availability 
and obesity. He finds that an increase in the number of fast food restaurants has a 
positive effect on the BMI. Similarly, Currie et al. (2010) find evidence that proximity 
to fast food restaurants has a significant effect on obesity for 9th graders. On the other 
hand, Chen et al. (2009) found a small but statistically significant effect in favour of 
a relationship between BMI values and the density of fast food restaurants. Finally, 
Anderson and Matsa (2011), exploiting the placement of Interstate Highways in rural 

12Dyads is a common term in social interaction literature. It used to refer to a pair of individuals 
who have a social relationship 

1 3The literature on the impact of physical activity on obesity is also inconclusive. For instance, 
Berentzen et al. (2008) provide evidence that decreased physical activity in adults does not lead to 
obesity. 

14For instance Bowman et al. (2004) finds that children who consumed fast food consumed more 
total energy. 



12 

areas to obtain exogenous variation in the effective price of restaurants, did not find 
any causal link between restaurant consumption and obesity. 

The factors underlying fast food consumption were also investigated. Jeffery and 
French (1998) show that hours of TV viewing per day and the frequency of meals eaten 
at fast food restaurants are both positively associated with increase in the BMI of 
women. One drawback of this study is that it uses a non representative sample (i.e., 
individuals who volunteered for the study of weight gain prevention). Chou et al. (2005) 
find a strong positive correlation between exposure to fast food restaurant advertising 
and the probability that children and adolescents are overweight. This effect seems to 
be stronger and more significant for girls (Chou et al., 2005). In fact, this influence can 
be clearly seen as children are more likely to pick up items that are in "Mac Donald's" 
packaging (Robinson et al., 2007). More generally, Cutler et al. (2003) and Bleich et al. 
(2008) argue that the increased calorie intake (i.e., eating habits) plays a major role in 
explaining current obesity rates. Importantly, weight gain prior to adulthood set the 
stage for weight gain in adulthood. 

While most of the economics literature analyses the relationship between adoles
cents' fast food consumption and their weight gain using an indirect approach (i.e, 
effect to fast food exposure), we adopt a direct approach in this paper. More precisely, 
we estimate a dynamic model of weight gain as a function of fast food consumption 
and lagged weight gain. In order to account for the endogeneity of regressors, we follow 
instrumental methods that were developed in the econometrics literature to estimate 
panel dynamic models. 

2.3 Structural econometric model 

In this section, we first propose a linear-in-means peer effects model of the adolescent's 
fast food consumption (first equation) and discuss the econometric methods we use 
to estimate it. We then present our dynamic weight gain production function which 
relates the adolescent's BMI level to his fast food consumption (second equation). 
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2.3.1 A structural model of peer effects in fast food consump
tion 

Suppose that we have a set of N adolescents i that are partitioned in a set of L networks. 
A network is defined as a structure (e.g., school) in which adolescents are potentially 
tied by a friendship link. Each adolescent i in his network has a set of nominated friends 
Ni of size Ui that constitute his reference group (or peers). We assume that i is excluded 
from his reference group. Since peers are defined as nominated friends, the number of 
peers will not be the same for every network member. Let Gj (I — 1 , . . . , L) be the social 
interaction matrix for a network /. Its element guj takes a value of — when . is friend 
with j , and zero otherwise.15 We define yu as the fast food consumed by adolescent i 
in network /, xu represents the adolescent .'s observable characteristics, yj the vector 
of fast food consumption in network ., and x; is the corresponding vector for individual 
characteristics. To simplify our presentation, we look at only one characteristic (e.g., 
adolescent's mother education).'6 The correlated effects are captured through network 
fixed effects (the a{s). They take into account unobserved factors such as preferences of 
school, school nutrition policies, or presence of fast food restaurants around the school. 
The Eu s are the idiosyncratic error terms. They capture i's unobservable characteristics 
that are not invariant within the network. Formally, one can write the linear-in-means 
model for adolescent i as follows: 

yu = a, + p ^ ^ l + 1 X l i + A____i_^___ + e ( 2 . i ) 
n,; Ui 

where —}-̂ —•— and —— i— are respectively his peers' mean fast food consumed and 
ii 

^ " i y , j a n d ^ 

characteristics.17 In the context of our paper, B is the endogenous peer effect. It reflects 
how the adolescent's consumption of fast food is affected by his peers' mean fast food 
consumption. It is standard to assume that \B\ < 1. The contextual peer effect is 
represented by the parameter Ô. It captures the impact of his peers' mean characteristic 
on his fast food consumption. It is important to note that the matrices of G;'s and the 
vectors of x/'s are stochastic but assumed strictly exogenous conditional on a.\, that is, 
E(e/j|x/, Gi, ai) = 0. This assumption is flexible enough to allow for correlation between 
the network's unobserved common characteristics (e.g., school's cafeteria quality) and 
observed characteristics (e.g., mother's education)."* Nevertheless, once we condition 

15Therefore, the Gj matrix is row normalized. 
16Later on, in section 3.1.1, we will generalize the model to account for many characteristics. 
17This structural model can be derived from a choice-theoretic approach where each adolescent's fast 

food consumption is obtained from the maximization of his quadratic utility function which depends 
on his individual characteristics, his own fast food consumption and his reference group's mean fast 
food consumption and mean characteristics. This approach also assumes that social interactions have 
reached a noncooperative (Nash) equilibrium (see Blume et al., 2010). 

1 8In this case E ( Q ; | G ( , X ; ) ^ 0. 
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on these common characteristics, mother's education is assumed to be independent of 
i's idiosyncratic unobserved characteristics. Let I; be the identity matrix for a network 
/ and ii the corresponding vector of ones, the structural model (2.1) for network / can 
be rewritten in matrix notation as follows: 

y* = c.jt,+ /.G /y, + 7 x , + <.Gpc/+ £,, for I = 1,..., L. (2.2) 

Note that model (2.2) is similar to a SAR model (e.g., Cliff and Ord, 1981) generalized 
to allow for contextual and fixed effects (hereinafter referred to as the GSAR model). 
Since |/?| < 1, (I; — (3G{) is invertible. Therefore, in matrix notation, the reduced form 
of the model can be written as: 

y, = a ; / ( l - / . > ; + ( I / - / . G / ) - 1 ( 7 I i + '5G)x ; + ( I , - / . Q ) - 1
£ i , (2.3) 

where we use the result that (I—/. G/) _ 1 = _Cfc__o/3fcGf; s o that the vector of intercepts 
is a i / ( l — /3)ii, asuming no isolated adolescents.19 

Equation (2.3) allows us to evaluate the impact of a marginal shock in a; (i.e., a 
common exogenous change in fast food consumption within the network) on an adoles
cent i's fast food consumption, when the endogenous peer effect is taken into account. 
One has d(E(yu\-)/dai = 1/(1 — 8). This expression is defined as the social multiplier 
in our model. When /3 > 0 (strategic complementarities in fast food consumption), the 
social multiplier is larger than 1. In this case, the impact of the shock is amplified by 
social interactions. 

We then perform a panel-like within transformation to the model. More precisely, we 
average equation (2.3) over all students in network I and subtract it from z's equation. 
This transformation allows us to address problems that arise from the fact adolescents 
are sharing the same environment or preferences. Let Kj = Ij — H; be the matrix 
that obtains the deviation from network / mean with H;= — (iti'i). The network within 
transformation will eliminate the correlated effect c.;. Pre-multiplying (2.3) by K/ yields 
the reduced form of the model for network I, in deviation: 

K,y, = K,(I* - /5G,)-1(7lj + SG t)x t + K,(I, - P d ) - ^ , . (2.4) 
19When an adolescent is isolated, that is, with an empty group of friends, his intercept is a;. 
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Identification 

Our structural model raises two basic identification problems. 
- Simultanei ty 
Simultaneity between individual and peer behaviour, also called the reflection problem 
by Manski (1993), may prevent separating contextual effects from endogenous effects. 
This problem has been analyzed by Bramoullé et al. (2009) when individuals interact 
through social networks. Let us define G the block-diagonal matrix with the G/'s on 
its diagonal. Assume first the absence of fixed network effects (i.e., ai = a for all I). 
In this case, Bramoullé et al. (2009) show that the structural parameters of the model 
(2.2) are identified if the matrices I, G, G2 are linearly independent. This condition 
is satisfied there are at least two adolescents who are separated by a link of distance 
2 within a network. This means that they are not friends but have a common friend 
(intransitive triad).The intuition is that this provides exclusion restrictions in the model. 
More precisely, the friends' friends mean characteristics can serve as instruments for the 
mean friends' fast food consumption. Of course, when fixed network effects are allowed, 
the identification conditions are more restrictive. Bramoullé et al. (2009) show that, in 
this case, the structural parameters are if identified if the matrices I, G, G2 and G 3 

are linearly independent. This condition is satisfied when at least two adolescents are 
separated by a link of distance 3 within a network, i.e., we can find two adolescents who 
are not friends but are linked by two friends. In this case, (*/L > 0 while g? = g^ = 0. 
Hence, no linear relation of the form G 3 = A0I + AiG + A2G2 can exist. This condition 
holds in most friendship networks and, in particular, in the data we use.20 

- Endogenous ne twork format ion 
Since adolescents are not randomly assigned into schools, endogenous self-selection 
through networks may be the source of potentially serious biases in estimating (en
dogenous + contextual) peer effects. Indeed, if the variables that drive this process 
of selection are not fully observable, correlations between unobserved network-specific 
factors and the regressors are potentially important sources of bias. In our approach, 
we assume that network fixed effects capture these factors. This is consistent with two-
step models of link formation. Each adolescent joins a school in a first step, and forms 
friendship links with others in his school in a second step. In the first step, adolescents 
self-select into different schools with selection bias due to specific school characteris
tics. In a second step, link formation takes place within schools randomly or based on 
observable individual characteristics only. As shown above, network fixed effects are 

^Identification fails, however, for a number of non trivial networks. This is notably the case for 
complete bipartite networks. In these graphs, the population of students is divided in two groups such 
that all students in one group are friends with all students in the other group, and there is no friendship 
links within groups. These include star networks, where one student, at the centre, is friend with all 
other students, who are all friends only with him. 
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cancelled out through a panel-like within transformation. 

Other types of correlated effects can occur for reasons other than common network 
factors. For instance, one can think of other uncommon unobserved reasons for which 
some people might group together. To account for this possibility we allow for error 
terms to be autocorrelated within networks so that our model structure becomes anal
ogous to that of a generalized spatial autoregressive model with network autoregressive 
disturbances (hereinafter referred to as the GSARAR model). In this case, the error 
terms in (2.2) can be written as: 

et = pGfr + b , (2.5) 

where the innovations, £/, are assumed to be i.i.d.(0,o2Ii) and \p\ < 1. Given these 
assumptions, we can write: 

e^Çii-pG^-%. (2.6) 

Allowing for many characteristics and performing a Cochrane-Orcutt-like transforma
tion on the structural model in deviation, the latter is given by the following structural 
form: 

K,M,y, = 3 K i M i G m + K , M , X , 7 + K,M,G,X,<5 + v h (2.7) 

where X; is the matrix of adolescents' characteristics in the /th network, Mj = (I—pGt) 
and vi = K;£/. 

The elimination of fixed network effects using a within transformation leads to a 
singular variance matrix such that E(uiv[ | Xj, G;) = K/Kjo*2 = K;cr2. To resolve this 
problem of linear dependency between observations, we follow a suggestion by Lee et al. 
(2010) and applied by Lin (2010). Let [Qj C;] be the orthonormal matrix of K;, where 
Q; corresponds to the eigenvalues of 1 and Cj to the eigenvalues of 0. The matrix Q; 
has the following properties: QJQ- = I„*, Q/QJ = K; and Qjt = 0, where nj* = n; — 1 
with n; being the number of adolescents in the /th network. Pre-multiplying (2.7) by 
QJ, the structural model can now be written as follows: 

M? y? = / ?M;G; y ; + M ; X ; 7 + M ? G ? X ? < J + v\, (2.8) 

where Mf = Q J M ^ , y\ = Q > , G\ = QJGQ, , X? = QJX,, and v\ = Qfc. With 
this transformation, our problem of dependency between the observations is solved, 
since we have E(v\vi \ Xj,G^) = <r2I„*. 
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Following Lee et al. (2010), we propose two approaches to estimate the peer effects 
model (2.8): a maximum likelihood approach (ML) and a generalized spatial two stage 
least squares (GS2SLS) approach. The ML approach imposes more structure (nor

mality) than GS2SLS. Therefore, under some regularity conditions, ML estimators are 
asymptotically more efficient than GS2SLS ones when the restrictions it imposes are 
valid. 

M a x i m u m Likelihood (ML) 

Assuming that v\ is a n|dimensional normally distributed disturbance vector, the 
loglikelihood function is given by n : 

* L L L 

InL = =^ln(27r<72) + £ > | I „ r /3G?| + £ln | I n . pMD  ^ E " ' " " ? * (2*9) 
i=i i=i i=i 

where n* = £ n\ = N  L , and, from (2.8), v\ = M|*(y,*  BG\y\  X ? 7  GfXjM). 
i=i 

Maximizing (2.9) with respect to (/3,7 ' , S',p, a) yields the maximum likelihood estima

tors of the model.22 Interestingly, the ML method is implemented after the elimination 
of the network fixed effects. Therefore, the estimators are not subject to the incidental 
parameters problem that may arise if the number of fixed effects increases with the the 
size of the networks sample. 

General ized spat ia l two s tage least squares (GS2SLS) 

To estimate the model (2.8), we also adopt a generalized spatial twostage least squares 
procedure presented in Lee et al. (2010). This approach provides a simple and tractable 
numerical method to obtain asymptotically efficient IV estimators within the class of IV 
estimators. In the case of our paper this method will consist of a twostep estimation.2,5 

To simplify the notation, let X* be a blockdiagonal matrix with X*; on its diagonal, 
G* be a blockdiagonal matrix with G*/ on its diagonal, and y* the concatenated vector 
of the yf/'s over all networks. 

21 It is important to note that we do not account for the count nature of the dependant variable. 
We expect that this is bias our estimates downwards. 

22For computational simplicity, one can concentrate the loglikelihood function (2.9) and maximize 
the concentrated loglikelihood function. See Lee et al. (2010) for more details. 

■2.') 
Note that for this particular case we impose p = 0 and thus M; = / ; . 
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Now, let us denote by X* the matrix of explanatory variables such that X* = 
[G*y* X* G*X*]. Let P be the weighting matrix such that P = S(S'S)_ 1S', and 
S a matrix of instruments such that S = [X* G*X* G*2X*]. In the first step, we 
estimate the following 2SLS estimator: 

êi = (X*'PX*)--*X*'Py*, 

where Ox is the first-step 2SLS vector of estimated parameters (7{, §[, $i) of the struc
tural model. This estimator is consistent but not asymptotically efficient within the 
class of IV estimators. 

Now, in the second step, we estimate a 2SLS using a new matrix of instruments Z 
given by: 

Z = [G*y* X* G*X*], 

where G*y* is computed from the first-step 2SLS reduced form (pre-multiplied by G*): 

G*y* = G * ( I - / 3 i G T 1 ( X * 7 i + G*X*5i). 

We then estimate: 
02 = ( Z ' X * ) " 1 ^ * . 

This estimator can be shown to be consistent and asymptotically best IV estimator. 
Its asymptotic variance matrix is given by _V[Z'X*R~1X*Z]'-1. The matrix R is con
sistently estimated by R = s 2 ^ r , where s2 = AT-1 £j__i u 2 and ûi are the residuals 
from the second step. It is important to note that, as in Kelejian and Prucha (1998), 
we assume that errors are homoscedastic. The estimation theory developed by Kelejian 
and Prucha (1998) under the assumption of homoscedastic errors does not apply if we 
assume heteroscedastic errors (Kelejian and Prucha, 2010). 

2.3.2 A weight gain production function 

In this section, we propose a weight gain production function that relates an adoles
cent's BMI in time t to his lagged BMI, his fast food consumption as well as his own 
characteristics in period t. Let y\t be an adolescent .'s BMI level at time t, and yit be 
the adolescent's fast food consumption. Then, for a given vector of characteristics _<&, 
the weight gain production function can be formally expressed as follows (for notational 
simplicity we suppress /): 

Vit = TTO + flïîljt-l + *2llL + ^Xjt + Vit, (2.10) 
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where 
Vu = IH + Qt, 

with pi representing the individual _'s time-invariant error component (unobserved het
erogeneity) and Qt, his idiosyncratic error that may change across t. We consider that 
Pi is a fixed effect, \ITI\ < 1 and the error Qt is serially uncorrelated. (A test of this latter 
assumption is provided in the empirical section). As discussed earlier, our interest in 
this production function goes beyond a mere association between fast food consumption 
and weight gain. We are particularly interested to analyze the magnitude of a change 
in BMI resulting from a common exogenous shock on fast food consumption within the 
network, when peer effects are taken into account. Our two equation model allows us 
to compute this result. Partially differentiating (2.10) with respect to yit and using the 
social multiplier [= 1/(1 — /.)] yields the magnitude of a short run change in BMI (i.e., 
for y\ t_x given) resulting from a common marginal shock on fast food consumption: 
dE(y^ t\-)/dai = ^ _ . This expression entails two components: the impact of the fast 
food consumption on the BMI (= 7T2) and the multiplier effect (= ï^=).2 i 

At this point it is important to mention that OLS estimates of (2,10) will not 
be consistent for two reasons. First, the adolescent's fast food consumption is not 
exogenously determined and may be affected by his own BMI. In addition, there may 
exist a correlation between lagged dependent variable and the error term due to the 
presence of a time-invariant error component. One way to resolve this issue is to 
apply a first difference. While such a transformation wipes out all individual time-
invariant characteristics, it has the advantage of making the correlation between right 
hand side regressors and the error term easier to handle. Formally, assuming that all 
characteristics (except age) are time-invariant, the transformed model can be written 
as follows: 

Ay* = .fo + T T i A y ^ + 7T2Ay{t + AC*, (2.11) 

where A is the first difference operator. To resolve the problem of correlation between 
the right hand side variables and the error term one can instrument for Ay^ t_ i and 
Ay(t. To instrument the lagged dependent variable we can either use Ay\ t_2 or y\ t_2 

(Hsiao, 1981). Following the suggestion of Arellano and Bond (1991), we instrument 
it using y\_2- We also use birth weight x ^ . High birth weight is associated with 
overweight in adolescence (Gillman et al., 2003; Sorensen et al., 1997). It is therefore 
expected that it would affect y\t only through it impact on y\ t_\. As for the fast 
food consumption variable Ay i t, valid instruments could be y/i,yf2,y4-3, • • • ,y(,s-i f° r a n 

equation differenced at t = s. Unfortunately such information is not available in our 
dataset. We thus instrument it using birth weight and the strictly exogenous variables 
that we have used in our peer effects model. 

24 We assume that the individuals' weight gain is symmetric over all weight categories. 
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2.4 Data and Descriptive Statistics 

The Add Health survey is a longitudinal study that is nationally representative of Amer
ican adolescents in grades 7 through 12. It is one of the most comprehensive health 
surveys that contains fairly exhaustive social, economic, psychological and physical well-
being variables along with contextual data on the family, neighbourhood, community, 
school, friendships, peer groups, romantic relationships, etc. In the first wave (Septem
ber 1994 to April 1995), all students (around 90 000) attending the randomly selected 
high schools were asked to answer a short questionnaire. An in-home sample (core 
sample) of approximately 20 000 students was then randomly drawn from each school. 
These adolescents were asked to participate in a more extensive questionnaire where 
detailed questions were asked. Information on (but not limited to) health, nutrition, ex
pectations, parents' health, parent-adolescent relationship and friends nomination was 
gathered.2 ' This cohort was then followed in-home in the subsequent waves in 1996 
(wave II) and 2001 (wave III). The extensive questionnaire was also used to construct 
the saturation sample that focuses on 16 selected schools (about 3000 students). Every 
student attending these selected schools answered the detailed questionnaire. There are 
two large schools and 14 other small schools. All schools are racially mixed and are lo
cated in major metropolitan areas except one large school that has a high concentration 
of white adolescents and is located in a rural area. Consequently, fast food consump
tion may be subject to downward bias if one accepts the argument that the fast food 
consumption among white adolescents is usually lower than that of black adolescents.2" 

In this paper we use the saturation sample of wave II in-home survey to investigate 
the presence of peer effects in fast food consumption.~' One of the innovative aspects 
of this wave is the introduction of the nutrition section. It reports among other things 
food consumption variables (e.g., fast food, soft drinks, desserts, etc.).'" This allows 
us to depict food consumption patterns of each adolescent and relate it to that of 
his peer group. In addition, the availability of friend nomination allows us to trace 
school friends and thus construct friendship networks.-5' To estimate the weight gain 
production function, we considered information from wave I, wave II and wave III. 

2 5 Adolescents were asked to nominate either 1 female friend and 1 male friend or 5 female friends 
and 5 male friends.Friendship nomination is thus top coded this may introduce some bias (see Chan-
drasekhar and Lewis, 2011) 

2 6It is unclear whether the black population consumes more fast food than the white population. 
Block et al. (2004) provides evidence that predominantly black neighbourhoods have relatively more 
fast food restaurants than predominantly white neighbourhoods. 

2 7It includes all meals that are consumed at a fast food restaurant such as McDonald's, Burger 
King, Pizza Hut, Tacco Bell. 

28Frequency of fast food consumption is reported in terms of day visits, it does not capture the 
frequency per day. 

2 9In the saturation sample, all students are asked to name their friends. 



21 

We exploit friends nominations to construct the network of friends. Thus, we consider all 
nominated friends as network members regardless of the reciprocity of the nomination. 
If an adolescent nominates a friend but that this friend does not nominate him, then 
only one link is assigned (i.e., a link from that adolescent to the nominated friend and 
no link is assigned from the nominated friend to him).30 

2.4.1 Descriptive statistics 

In our peer effects model, the dependent variable of interest is fast food consumption, 
as approximated by the reported frequency (in days) of fast food restaurant visits in 
the past 7days. Table 1 reports respectively the mean and the standard deviation of the 
endogenous variable, the covariates used and other relevant characteristics.3! We note 
that on average, adolescents' fast food consumption is around 2.33 times/week. This is 
consistent with the frequency reported by the Economic Research Service of the United 
States Department of Agriculture (Lin et al., 1996). Around 62% of the adolescents 
consumed fast food twice or more in the past week and 44% of the adolescents who 
had consumed fast food did so 3 times in the past week. We also inspected the data to 
check for the presence of parental intervention in eating habits. We note that parents 
are absent 38% of the times during the consumption of evening meals and that 83 % 
of children have the freedom to chose their meals. 32 Evening meals are the only time 
parents have the power to check on the quality/quantity of the food consumed. This 
coupled with the freedom to choose food leaves the door wide open for peer influence 
in fast food consumption. 

The covariates of the fast food peer effect equation include the adolescent's personal 
characteristics, family characteristics as well as the corresponding contextual social 
effects.The personal characteristics are gender, age, ethnicity (white or other) and grade. 
We observe that 50% of the sample are females, that the mean age is 16.3 years and that 
57% are white. Family characteristics are dummies for mother and father education. We 
observe that around 45% of mothers and fathers have at least some college education. 
To control further for parents' income we use child allowance as a proxy. An adolescent's 
allowance is on average 8.28 $ per week, around 50% of the adolescents in our the sample 
have a weekly allowance. At this point, it is important to highlight that since we use 
cross section data, we do not have to control for fast food prices as they are taken 
into account by network fixed effects. As for the weight gain production function, the 
dependent variable that we use is the variation in the BMI between waves two and 

3 0It is important to note that we do not impose symmetry on the social interaction matrix. 
31Only 15% of the students do not consume fast food at all. 
32These figures are not reported in the paper but can be provided upon request. 
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three. The covariates are the fast food consumption, the lagged BMI (Table 2.2), age, 
and all time-invariant variables appearing in Table 2.1. 

2.4.2 The Construction of the Graph Matrix 

We construct a sub-matrix of graph for each school separately (matrice G;) and then 
we include all these sub-matrices in the block-diagonal matrix G.'"' As we have no prior 
information about how social interaction takes place, we assume, as in most studies, that 
an adolescent is equally influenced by his nominated friends. Further, we assume this 
influence decreases with the number of friends. In each school we eliminate adolescents 
for which we have missing values. We allow the sub-matrices to contain adolescents who 
are isolated. Since these latter may be friends with other adolescents in the network, 
they may affect the network even if they claim not to have any friends at all. They 
also introduce variability that helps the identification of the model. We also do not 
impose symmetry on the G matrix. This means that we allow for non-reciprocated 
friendships. This imposes less restriction on the social interaction and mimics better 
the social interaction.34 

As mentioned earlier, Bramoullé et al. (2009) show that, the structural parameters 
are identified if the matrices I, G, G2 and G 3 are linearly independent. One way check 
whether these four matrices are linearly independent as follows. First, vectorize each 
matrix, that is, stack its columns on top of each other to form a matrix L. Second, 
verify whether the matrix formed by concatenating these stacked vectors has rank four. 
An alternative more general diagnosis check for linear independence is to do the first 
step as above and compute L'L and scale it into a correlation form. Then compute 
the Belsley, Kuh, and Welsch condition index by finding the square root of the ratio 
of the largest eigen value to the smallest eigen value. If this ratio is below 30, then 
collinearity is said not to be a problem and linear indépendance of the four matrices 
is verified. In our data, the reflection problem is solved since I, G, G2 and G 3 are 
linearly independent and the condition index value is 2.21. 

33Following the previous literature and given the lack of information on this matter, we assume that 
there can be social interactions within each school but no interactions across schools. 

3 4In this paper we do not account for partial observability of the social network (five female friends 
and five male friends) 
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2.5 Results 

2.5.1 Baseline: OLS peer effects estimates 

We first estimate a naive OLS of the peer effects model where we regress the fast food 
consumption of an adolescent on the average fast food consumption of his peers, his 
individual characteristics as well as the average characteristics of his peers. We then 
apply a panel-like within transformation to account for correlated effects (OLSw). It is 
clear that the estimates of naive OLS and OLSw are inconsistent. The former ignores 
both correlated effects and simultaneity problems while the latter ignores simultaneity 
problems. However, they are reported to provide a baseline for this stud}'. 

Estimation results reported in Table 2.3 show that there is a positive significant 
peer influence in fast food consumption. According to the naive OLS estimates, an 
adolescent would increase his weekly frequency (in days) of fast food restaurant visits 
by 0.21 in response to an extra day of fast food restaurant visits by his friends. On 
average, this corresponds to an increase of 9% (= 0.21/2.33). OLSw estimate is slightly 
lower (= 0.15, or 6.6%). This reduction in the estimated effect may partly be explained 
by the fact that adolescents in the same reference group tend to choose a similar level 
of fast food consumption partly because they are alike or face a common environment. 
How can we compare these results to those obtained previously in the related literature? 
Although there are few studies that investigated the presence of peer effects in fast food 
consumption, a richer body of literature has investigated a tangent issue : obesity. In 
their paper Trogdon et al. (2008) show OLS results for peer effects in obesity of 0.30. 
Also, Renna et al. (2008) reports endogenous effects of 0.16 for OLS estimates. This 
makes our OLS estimates comparable to those obtained in the literature on obesity. 

As for the individual characteristics they seem to be increasing in age, father edu
cation and weekly allowance. Turning our attention to the contextual peer effects, we 
notice that fast food consumption decreases with mean peers' mother's education and 
increases with mean peers' father's education. The former result indicates that friends' 
mother education negatively affects an adolescent's fast food consumption. 

2.5.2 ML and GS-2SLS peer effects estimates 

Next, we estimate our linear-in-means (or GSAR) model with school fixed effects and 
using ML. We then estimate a more general version of this model by allowing network 
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autoregressive disturbances (GSARAR model). Also, given that ML approach imposes 
normality on the error term, we relax this assumption and estimate the model using a 
distribution free approach : GS-2SLS. 

Estimation results displayed in Table 2.4 show a positive and statistically significant 
endogenous effect of 0.13 (or 5.5%) for the GSAR model. This effect is slightly smaller 
than the ones obtained in the previous section. However, based on the more general 
GSARAR model, the estimated autocorrelation coefficient is significant and negative. 
Since it is significant, this indicates that the GSAR model is rejected as a particular 
case of the GSARAR model. Also, the fact that it is negative may provide evidence 
that friendship might be for other purposes than having a common preference in the 
formation of friends for fast food consumption.'5' 

With the GSARAR specification, the endogenous peer effect remains statistically 
significant but increases to 0.37, suggesting that an adolescent would increase his weekly 
frequency (in days) of fast food restaurant visits by 0.37 ( or 15.9%) in response to an 
extra day per week of fast food restaurant visits by his friends. The social multiplier 
associated with an exogenous increase in an adolescent fast food consumption is 1.59 
(= - _ Q 3 7 ) , which reflects a fairly strong endogenous peer effect.,if) The increase in 
the endogenous effect coefficient as a result of a GSARAR specification on the error 
term is comparable to the one obtained by Lin (2010) in an empirical application of 
such a model on peer effects in academic achievement. As for the magnitude of the 
endogenous effects, it remains lower than the ones obtained in the literature on peer 
effects in obesity. '" Recall that Trogdon et al. (2008) estimate for the endogenous effect 
is 0.52 using an instrumental approach. 

When we relax the normality assumption, the endogenous effect resulting from GS-
2SLS estimation turns out to be smaller than the one obtained by ML (0.11 instead of 
0.13). However, it is no longer significant. This does not come as a surprise, as less 
structure is not without a cost in precision. This makes the GSARAR specification 
preferable to others, at least as long as the normality assumption is an appropriate 
assumption. To sum up, we can say that results in general are consistent with the 
hypothesis that fast food consumption is linked to issues of identity and friends (Story 
et al., 2002). 

35Lin (2010) also obtains a negative estimated autocorrelation parameter when her model takes 
endogenous and contextual effects into account. 

3 6As suggested by Glaeser et al. (2003), large social multipliers tend to occur when the endogenous 
effect is 0.33 or more. 

3 7One possible explanation is that we are estimating peer effects using one potential behavioural 
channel. 
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As for individual effects, they follow fairly the baseline model. Fast food consump
tion is positively associated with age and father's education as well as positively as
sociated with weekly allowance.38 Mother's education seems to have a negative but 
insignificant impact on fast food consumption. It is important to note that while the 
general perception is that fast food is an inferior good, the empirical evidence suggests 
that there is a positive income elasticity (McCracken and Brandt, 1987; Jekanowski 
et al., 2001; Aguiar and Hurst, 2005). Thus, the positive relation between fast food 
consumption and allowance is therefore in line with the positive relation between in
come and fast food consumption. 

Turning our attention to the contextual social effects, fast food consumption in
creases with mean peers' father's education and decreases with mean peers' mother's 
education. This suggests that adolescents are perhaps more influenced by their friends' 
mothers than their own. 

2.5.3 Weight gain production function estimates 

Estimation results presented in the earlier sections are consistent with the presence of 
peer effects in fast food consumption. Nevertheless, we still need to provide evidence of 
the presence of a relationship between fast food consumption and weight gain. In this 
section we report estimates of the weight gain production function presented earlier. 
As noted above, the variables we used to instrument the fast food consumption variable 
Ay{t are the instruments previously used in the fast food consumption model. 

Results from the Arellano and Bond (1991) estimator are reported in Table 2.5. 
Note that since the model is estimated using a first differencing (fixed effects) approach, 
parameters associated with time-invariant covariates are not identified and therefore do 
not appear in the table (the constant is an estimate of age parameter). In line with 
our expectations, results reveal a positive significant impact of a change in fast food 
consumption on the BMI level. An extra day of fast food restaurant visits per week 
increases weight by 0.36 BMI points (or by 1.54%) within a year.'59 

The presence of a causal link between fast food consumption and BMI does not come 
as a surprise since previous findings have been pointing in this direction (Levitsky et al., 

38McLellan et al. (1999) found results pointing in a similar direction and suggest that limiting 
pocket money may be a good way to promote healthy adolescent behaviour. 

3 9We investigated the possibility of an omitted variable bias by introducing three (endogenous) 
physical exercise variables from Add Health in the weight gain equation: exercising activities, active 
sports, and recreational sports. None of these variables were significant and the fast food estimated 
effect (= 0.34), while a little smaller, was quite robust to this modification. 
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2004; Niemeier et al., 2006; Rosenheck, 2008). Somewhat surprisingly, lagged BMI level 
has a negative effect on current BMI level (= —0.727). This suggests that an exogenous 
shock on weight gain has a stronger effect on BMI in the short term than in the long 
term. This may partly be explained by the fact that given a past increase in his BMI 
an adolescent may be induced to adopt more healthy eating habits. 

The consistency of our estimates rely heavily on the validity of the instruments that 
are used. In order to test the validity of the instruments a Sargan test is computed. 
The test statistic reported in Table 2.5 indicates that we do not reject the joint null 
hypothesis that the instruments are valid and that the over-identification restrictions 
are satisfied. Observe that the Sargan test provides an (indirect) test for serial auto
correlation of the idiosyncratic error Qt- Indeed, the variable y\_2 would not be a valid 
instrument under serial autocorrelation. Arellano and Bond (1991) suggest to use this 
test when the length of the panel is too short to perform a direct serial autocorrelation 
test (e.g., when T = 3 as in our case). 

Combining the impact of fast food on weight gain with the social multiplier, our 
results suggest that, within a network, an extra day of fast food restaurant visits per 
week leads to a BMI increase of 0.57 points (yz-ff-f), or 2.4% on average, within a year. 
These results highlight the role of peer effects in fast food consumption as one of the 
transmission mechanisms through which weight gain is amplified. 

2.6 Conclusion 

This paper investigates whether peer effects in adolescent weight gain partly flow 
through the eating habits channel. We first attempt to study the presence of signifi
cant endogenous peer effects in fast food consumption. New methods based on spatial 
econometric analysis are used to identify and estimate our model, under the assumption 
that individuals interact through a friendship social network. Our results indicate that 
an increase in his friends' mean fast food consumption induces an adolescent to increase 
his own fast food consumption. This peer effect amplifies through a social multiplier 
the impact of any exogenous shock on fast food consumption. Our estimated social 
multiplier is 1.59. 

We also estimate a dynamic weight gain production function which relates the ado
lescent's Body Mass Index to his fast food consumption. Results are in line with our 
expectations; they reveal a positive significant impact of a change in fast food consump
tion on the change in BMI. Specifically, a one-unit increase in the weekly frequency (in 
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days) of fast food consumption produces an increase in BMI by 1.5% within a year. 
This effect reaches 2.4% when the social multiplier is taken into account. Coupled 
with the reduction in the relative price of fast food and the increasing availability of 
fast food restaurants over time, the social multiplier could exacerbate the prevalence of 
obesity in the years to come. Conversely, this multiplier may contribute to the decline 
of the spread of obesity and the decrease in health care costs, as long as it is exploited 
by policy makers through tax and subsidy reforms encouraging adequate eating habits 
among adolescents. 

There are many possible extensions to this paper. From a policy perspective, it 
would be interesting to investigate the presence of peer effects in physical activity of 
adolescents. A recent study by Charness and Gneezy (2009) finds that there is room 
for intervention in peoples' decisions to perform physical exercise through financial in
centives. It would be thus valuable to investigate whether there is a social multiplier 
that can be exploited to amplify these effects. Furthermore, in the same way, it would 
be interesting to study the presence of peer effects weight perceptions. So far, most of 
the peer effects work has focused mainly on outcomes (BMI). At the methodological 
level, a possible extension would be to relax the normality assumption and to assume 
a Poisson or a Negative Binomial distribution to account for the count nature of the 
consumption data at hand. As far as we know, no work has been carried out in this 
area. Another interesting extension would be to endogenies the social network forma
tion. Christakis et al. (2010) have a recent paper in which they develop a method to 
endogenies network formation. Also, a recent work by Dinardo and Strange (2010) 
suggest that the relation between the BMI and health outcomes is U shaped. Given 
recent development Quantile Instrumental Variable approach to Spatial Auto-regressive 
models, it would be interesting to investigate this possibility. Finally, it would be most 
useful to develop a general approach that would allow same sex and opposite sex peer 
effects to be different for both males and females. 
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Table 2.1: Descriptive Statistics 
Variable Mean S.D 

Fast Food Consumption0 2.33 1.74 

Female .50 .50 
Age 16.36 1.44 

White .57 .49 
Black .15 .34 
Asian .01 .09 
Native .13 .33 
Other .14 .35 

Mother Present .85 .35 
Mother Education 
No high school degree .15 .35 
High school/GED/Vocational ] Instead of high school .36 .48 
Some College/Vocational After ■ high school .21 .39 
College .18 .38 
Advanced Degree .06 .24 
Don't Know .04 .20 

Father Education 
No high school degree .16 .36 
High school/GED/Vocational Instead of high school .33 .47 
Some College/Vocational After high school .17 .37 
College .18 .38 
Advanced Degree .08 .26 
Don't Know .06 .24 
Missing .02 .16 

Grade 7-8 .11 .32 
Grade 9-10 .27 .44 
Grade 11-12 .62 .48 

Allowance per week 8.28 11.65 

Observa t ions : 2355 

"Frequency (in days) of fast food restaurant visits in the past week. 



29 

Table 2.2: Descriptives for weight indices 

Variable Mean S.D 
Bmi (wavel) 22.81 4.59 
Bmi (wave,2) 23.24 4.76 
Bmi (wave3) 26.78 6.31 
Birthweight 7.40 1.38 



Table 2.3: Peer effects in fast food consumption OLS and OLS within 

30 

OLS OLSw 

Coef. S.E Coef. S.E 

Endogenous Pee r Effects 0.2078 *** 0.0331 0.1548 **. 0.0344 

Individual Charac te r i s t i cs 
Female -0.0721 0.0787 -0.0847 0.0789 
Age 0.1559 *** 0.0434 0.1315 *** 0.0461 
White -0.1076 0.0940 -0.0602 0.1127 
Mother Present -0.0152 0.0997 -0.0358 0.0989 

Mother No High School (Omitted) 
Mother High School -0.0848 0.1195 -0.0455 0.1202 
Mother Some College -0.0377 0.1335 -0.0210 0.1340 
Mother College 0.0214 0.1421 -0.0137 0.1425 
Mother Advanced -0.0259 0.1875 -0.0353 0.1877 
Mother Don't Know -0.1714 0.2067 -0.2124 0.2059 

Father No High School (Omitted) 
Father High School 0.2743 #* 0.2067 0.2682 *# 0.1167 
Father Some College 0.2117 0.2067 0.1971 0.1338 
Father College 0.3115 . * 0.1375 0.2592 * 0.1381 
Father Advanced 0.1732 0.1752 0.1294 0.1760 
Father Don't Know 0.2778 0.1756 0.2393 0.1750 
Father Missing 0.0908 0.2338 0.0477 0.2331 

Grade 7-8 (Omitted) 
Grade 9-10 0.0883 0.1931 -0.0776 0.2183 
Grade 11-12 0.3164 0.2265 0.1269 0.2526 

Allowance per week 0.0093 *. * 0.0031 0.0074 ** 0.0031 

continued on next page 
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Table 2.3: Continued 

OLS OLSw 

Coef. S.E Coef. S.E 

Con tex tua l Peer Effects 
Female -0.0898 0.1245 -0.1071 0.1285 
Age -0.0321 0.0215 0.0316 0.0718 
White 0.0111 0.1244 -0.0055 0.1694 
Mother Present 0.0773 0.1668 0.1008 0.1707 

Mother No High School (Omitted) 
Mother High School -0.3878 ** 0.1868 -0.2977 0.1913 
Mother Some College -0.3947 * 0.2127 -0.3825 * 0.2168 
Mother College -0.2531 0.2180 -0.2935 0.2213 
Mother Advanced -0.7011 ** 0.3089 -0.5954 . 0.3112 
Mother Don't Know -0.4337 0.3598 -0.4150 0.3610 

Father No High School (Omitted) 
Father High School 0.2060 0.1943 0.2999 0.1914 
Father Some College 0.3639 . 0.2128 0.3890 * 0.2139 
Father College 0.2850 0.2238 0.3068 0.2263 
Father Advanced 0.2760 0.2891 0.2171 0.2953 
Father Don't Know 0.4737 0.2995 0.5358 * 0.3001 
Father Missing 0.6931 0.4619 0.7692 . 0.4640 

Grade 7-8 (Omitted) 
Grade 9-10 -0.0769 0.2383 0.0104 0.2773 
Grade 11-12 -0.0094 0.2630 -0.0396 0.3388 

Allowance per week 0.0056 . . 0.0053 0.0043 0.0054 
Constant -0.5199 0.6618 

N = 2 2 3 9 
Significant at 1% level ** Significant at 5% level * Significant at 10% level 
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Table 2.5: Weight gain Production Function, Arellano and Bond 

Coefficient S.E  
Constant 3.7206 0.13991 *** 
ABMI t - i -0.72737 0.19108 *** 
A Fast foodt 0.35761 0.17936 ** 

Sargan test Chi2(57) 61.955 
N 1445 



Chapter 3 

A Friend a Day may Keep the 
Doctor Away: Is Physical Activity 
Contagious? 

3.1 Introduction 

Sedentary lifestyle (i.e.. physical inactivity) imposes a heavy burden on the economy 
and is an expensive public health problem. It has been associated with higher medical 
expenditures (for a complete review see Mclnnes and Shinogle, 2009) and loss in pro
ductivity. Whilst the costs and benefits of physical exercise are fairly clear to most, a 
large proportion of the general population of the United States as well as their adoles
cents fail to embrace the recommendations of the World Health Organization regarding 
the minimum required amount of exercising.1 

Physical activity habits can be analyzed in two broad dimensions: behavioural and 
environmental (i.e., related to their location). This paper will focus on the behavioural 
dimension.2 Physical inactivity is often attributed to self-control issues or procrastina
tion as defined by Akerlof (1991)." In the presence of a salient cost, failing to exercise 
is a consequence of an individual's incapacity to save health for the future.1 For in-

*In 2007, for instance only 35% of adolescents met the recommended level of physical activity. The 
recommended amount of activity is 30 minutes of moderate exercise daily or 20 minutes of vigorous 
exercise 3 times a week. 

2According to Kohl III and Hobbs (1998) there are three broad dimensions, the first is psychologic 
and developmental the second is environmental and the third is social. In this paper the psycho-social 
dimension is referred to as behavioural. 

'Procrastination is the consequence of time preferences characterized by hyperbolic discounting. 
4 Also, the present predominant sedentary lifestyle as well as the availability of passive type leisures 

provides favourable incentives for such a behaviour. 
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stance, despite its health benefits, exercising today will always seem less appealing than 
exercising tomorrow. Procrastination may be one way of looking at the problem nev
ertheless, another line of research on peer effects showed that individuals habits are 
also generally influenced by habits of others in the society namely peers. A physically 
inactive individual may thus encourage others to adopt a similar behaviour. While the 
lack of willpower might shape an individual's exercising decision, the presence of peer 
effects amplifies the impact at the global level. The impact of peers on physical habits 
can flow directly through the impact of peers' habits or indirectly through the impact 
of peers on time preferences. Thus peers may be producing their impacts by emulation 
or by reducing (exacerbating) the impact of procrastination on exercising habits or a 
combination of both: ' In either contexts, analyzing physical activity habits on an indi
vidual basis may not give an accurate picture of the situation and may not provide a 
sound ground for policy intervention. 

Externalities created by social networks have recently gained increased interest and 
credibility in public and health economics. One of the most well known literature 
on peer effects and health outcomes focused on the presence of peer effects in obesity 
(Christakis and Fowler, 2007a; Trogdon et al., 2008; Renna et al., 2008).(' In response to 
Christakis and Fowler (2007a), Cohen-Cole and Fletcher (2008a) provide evidence of the 
presence of peer effects in other health outcomes (e.g., pimples and height) in an attempt 
to prove the existence of implausible contagions. Another line of research on behavioural 
patterns found that friends had a significant effect on behaviour related to adolescent 
smoking (Gaviria and Raphael, 2001; Powell et al., 2005; Fletcher, 2010) , alcohol 
consumption Gaviria and Raphael (2001), illicit drug use (Clark and Loheac, 2007; 
Gaviria and Raphael, 2001), risky sex (Jaccard et al., 2005) and fast food consumption 
(Fortin and Yazbeck, 2011). While the presence of peer effects in health outcomes was 
used by Cohen-Cole and Fletcher (2008a) as a critique to the work of Christakis and 
Fowler (2007a), the presence of peer effects in physical fitness (Carrell et al., 2011) as 
well as in behaviours suggests a new direction to explore: the underlying mechanisms. It 
is possible that the presence of peers effects in health outcomes is driven by a behavioural 
change such as smoking, exercising (Christakis and Fowler, 2010) or even nutrition. If 
this is the case, then the presence of peer effects in lifestyle may be considered as a 
pathway through which peer effects in health outcomes flow. 

Most of the peer effect literature on health outcomes has focused on the presence 
of peer effects in obesity. In addition, the remaining health related peer effect research 
focused on health related behaviour. Relating peer effects in health related behaviours 
and actual health outcomes is a dimension that was somehow under-explored. The 
objective of this paper falls in this precise stream. Firstly, I tackle physical activity 
habits from social network standpoint and assess whether there are peer effects in 
adolescents' exercising habits. The social multiplier effect of physical activity habits 

5 Babcock and Hart man (2010) suggests that peer effects that decrease procrastination do not exist 
yet peer effects that increase procrastination exists. 

6 The validity of the evidence provided to support the of the existence of peer effects in obesity was 
heavily questioned by Cohen-Cole and Fletcher (2008a) and Lyons (2011). 
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is estimated using a linear in means equation. It relates a teenager's physical activity 
habits to his peers' mean physical activity habits (endogenous effect), his individual 
characteristics, as well as his peers' mean characteristics (contextual effect). Secondly, 
I investigate the impact of physical activity on self reported health status. This will be 
estimated using a panel dynamic health production function. This latter relates current 
teenager's self-rated health status to his lagged health status and his current physical 
activities. The peer effect model when combined with the health production function, 
will allow me to depict the impact of a physical activity's exogenous shock on health 
outcome through the physical activity's multiplier effect. 

The size and the nature of peer effects in exercising habits of adolescents is impor
tant both on an individual and public level. First, exercising habits are more likely to 
be fostered before adulthood (Yang et a i , 1999) and affect long term lifestyles as well 
as health outcomes (Kuh and Ben-Shlomo, 2004). At an early age, parents' education 
plays an important role. But when a child hits adolescence friends' influence become 
more important; the desire for conformity effect may often dominate over the parents' 
education effect. Having a friend who engages in physical activity may be encouraging: 
it is better with a buddy (Jago et al., 2010).' Second, there is an important literature 
that points to the benefits of physical exercising on teenage physical (including obesity) 
and mental health.* All this makes exercising per se important as well as desirable, 
at least at the recommended levels by WHO. ̂  Third, understanding the role of peers 
in adolescent physical activity habits is policy relevant. Preventive public policies af
fecting youths' health and human capital may be more cost effective and may have a 
greater impact than alternative redistributive welfare policies targeting adult stages of 
life. Finally, in the presence of externalities there is room for non-distortionary gov
ernment intervention. Recent field experiments show that financial incentives interfere 
in people's decision to exercise (Charness and Gneezy, 2009) and that these incentives 
may produce spill over effects within a social network (Babcock and Hartman, 2010). 
This suggests that, in the presence of peer effects, the propagation of the impact of 
such financial incentives in the society can be expansionary through the effect of the 
social multiplier. 

The estimation of the linear in means model presents well known identification 
issues that were pointed by Manski (1993) and discussed among others in Moffit (2001), 
Brock and Durlauf (2001),Durlauf (2004) and Blume et al. (2010). First, it is difficult to 
separate the overall effect of peers (endogenous + contextual), often referred to as social 
effects, from the correlated effects i.e., effects resulting from the fact that individuals 
from the same group tend to behave similarly because they are alike (homophily) or 
share a common environment. Second, it difficult to disentangle endogenous peer effect 
(peer actions) from contextual peer effects (peer characteristics). This is referred to as 
the Reflection Problem (see Manski 1993). The identification of endogenous peer effects 

7Conversely having sedentary friends will encourage him to lead a sedentary lifestyle. 
8For a complete review refer to section 2. 
9There is a threshold beyond which exercising might do more harm than good. The optimal 

frequency depends on the intensity of the activity as well as individual characteristics. 
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is of crucial importance as it is necessary for the computation of the social multiplier. 

To address the first identifications issue, I assume that teenagers' interaction occurs 
at network level and that their physical activity decision is affected by that of their 
friends in the network. Each school forms a network. I deal with the correlated ef
fects by considering them as fixed at the network level and perform a panel-like within 
transformation. The introduction of fixed effects at the school level captures correlated 
factors associated with network invariant unobserved variables (e.g., similar preferences 
due to self-selection in schools, same recreational space). In each network, the formation 
of friendship links is allowed to be stochastic and endogenous. Yet, it becomes strictly 
exogenous once I condition on school fixed effects, observable individual characteristics 
and contextual variables. As far as the reflection problem is concerned, disentangling 
the impact of peer actions from that of peer characteristics is possible (under certain 
conditions) when the first identification problem is properly handled. Results obtained 
by Bramoullé, Djebbari and Fortin (2009) show that if linked individuals are sepa
rated by a distance 3 within a network (i.e., two strangers linked to each others by 
two friends), then peer effects are identified. This provides an exclusion restriction: 
a friends' friends characteristic can be used as an instrument for the friend's physical 
activity. I estimate the model using a maximum likelihood approach as in Lee et al. 
(2010) and Lin (2010). I also estimate the model with generalized spatial two stage 
least square (GS-2SLS) proposed by Kelejian and Prucha (1998) and refined in Lee 
(2003). 

The estimation of the health production function presents also some challenges. 
An individual's health outcome and physical activity may be endogenous. Following 
Arellano and Bond (1991), I eliminate individual fixed effects by differencing and use 
lagged values of physical activity and health outcomes as instruments. I estimate the 
production function using instrumental variable (IV) approach. 

This paper relies on the three waves of the National Longitudinal Study of Adoles
cent Health (Add Health). I define peers as the group of individuals who are nominated 
as friends within the same school. Physical activity habits are depicted using three 
variables: exercising, recreational physical activity and active sports. Each physical 
activity is reported in terms of frequency (number of times) at which the teenagers has 
performed each of type of physical activity. The health outcome variable used for the 
estimation of the health production function is self reported health status. Results from 
the peer effect model show that there is a positive significant peer effect in certain types 
of physical activity (exercising) among teenagers in general. Based on the SAR model 
the estimated social multiplier is 1.12. As for the production function, the estimated 
parameters show that exercising has a significant effect on improving ones health sta
tus of 0.09. These results show that the importance of the impact of physical activity 
on health outcomes goes beyond its impact on obesity (the most pre-occupying health 
problem at the present time). It also provides evidence that the presence of peer effects 
in health outcomes may be mediated by behavioural variables that can be used for 
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policy intervention. Combined together, these results show that, at the network level, 
an additional time spent exercising per week increases health status by 5% on average. 
Thus, physical activity seem to be of a significant importance for health and should 
not be neglected when considering available preventive measures to decrease healthcare 
spending. 

The remaining of this paper unfolds as follows. Section two provides a review of 
the related literature. Section three sets the theoretical framework and the empirical 
methodology. Section four presents the data and some descriptive statistics. Section 
five discusses the results and section six concludes. 

3.2 Review of Literature 

The objective of this paper is to assess the presence of peer effects adolescents' physical 
activity in an attempt to emphasize the presence of a behavioural channel by which 
peer effects in health outcomes may flow. The existence of such peer effects depends 
on : (a) the presence of evidence on the existence of peer influence in physical activity, 
(b) the presence of evidence in support of the impact of physical activity on health 
outcomes. 

Most of the peer effect literature on health outcomes has focused on the presence of 
peer effects in obesity (Christakis and Fowler, 2007a; Trogdon et al., 2008; Renna et al., 
2008). The remaining peer effect literature in the health field focused on health related 
behaviours (e.g., cigaret consumption). While the literature in social psychology has 
already pointed at the importance of the role of social networks in individuals' health 
outcomes (Cohen, 2004), the health economic literature that tackles peer effects in 
health outcomes and wellbeing remains relatively scarce. A very recent paper by Carrell 
et al. (2011) uses students from the US military force academy to estimate the impact 
of peer groups on physical education score.10 Their sample consists of students that are 
randomly assigned to the groups. Students are supposed to interact only within these 
groups during their first year, in addition group members' rooms are in the same dorm 
and adjacent. In their paper they find evidence that there are peer effects in fitness 
scores. 

As for the literature on peer effect in physical activity, it remains also modest and 
very recent. An epidemiological study carried by Jago et al. (2010) using data from 
Bristol 3P project where participants were children in grade 6 recruited from 40 primary 
school. The physical activity was assessed using accelerometers that the children had 
to wear for 5 consecutive days. The participating children were asked to identify their 
best friends as well as the frequency at which they engage in physical activity with their 

3The fitness core is a measure of physical fitness which is considered a measure of physical health. 
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nominated (same sex) friend. Their study shows that a child who engages in physical 
activity with his best friend had higher levels of physical activity. Despite their use of 
precise measure of physical activity, their analysis has a number of limitations. First, it 
was conducted separately for boys and girls leaving out across-sex interactions. ' ! It also 
ignores the simultaneity problem accruing that the physical activity intensity between 
two friends can be due to the fact that they are exposed to the same environment. 
In addition, the simultaneity problem between the outcome of both friends is not ad
dressed. Finally, by focusing on best friends, they narrow down the definition of social 
networks such that it does not reflect well the reality of social interactions. 

In the health economics literature, Babcock and Hartman (2010) used a partial 
population approach to investigate the size of a financial incentives' impact on exercising 
behaviour through its impact on peers. In their paper, they randomly selected college 
students who shared a common residence hall and collected friendship data for students 
within the experiment. These students were then randomly attributed to control and 
treatment groups. Those who were treated were paid the amount of 80$ for visiting 
the gym at least 8 times every four weeks.1 ' The obtained results reveal that treated 
students are affected by their treated friends and that this is effect is increasing in the 
number of friends who are treated. Also, it appears that there is no impact for untreated 
students regardless of the treatment status of their friends. This suggests the absence 
of peer effects in the absence of incentives. This analysis raises some issues. First, the 
exercising frequency is assessed by card swiping and the payment was conditional on 
having the card swiped. Thus observing peer effects in the treated group only could 
be attributed to the fact that treated friends were only swiping their cards together. 
In addition, the control group was very aware of the treatment. This might affect the 
behaviour of the control group which could have been different without this information. 

Another study by Yakusheva et al. (2010) used an experimental approach to as
sess peer effects in weight gain and weight management behaviour. In their natural 
experiment they used freshman students of a private Midwestern university were stu
dents were randomly assigned. They examined whether students' weight is affected by 
that of their assigned roommate. The authors also investigate weight gain behavioural 
variables (i.e., eating habits, exercising, use of weight loss supplements). They find 
evidence in favour of the presence of significant peer effects in exercising outdoors. 
The endogenous effects were estimated to be 0.13. This means if a freshman student's 
roommate increases his exercising outside by one time this will lead to an increase in 
his roommate's exercising by 0.13 times per week. 

The above mentioned experiments raise a number of limitations. First, they focused 
on a limited sample (e.g., best friends, children ages 10 to 11 years, freshman students). 
Furthermore, their estimates are likely to underestimate social interaction effects as best 
friends or roommates do not represent the true social network shaping the adolescent's 

11 The data on cross-sex was very scarce this is why the authors chose to focus on same sex friends. 
1 2The visits were calculated as the number of times the card was swiped in the gym. 
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behaviour (Carrell et al., 2008; Stinebrickner and Stinebrickner, 2006a). This paper, 
unlike most of the papers on peer effects and physical activity, relies on observational 
non-experimental data where social networks reflects, to a reasonable extent, the true 
social network of an adolescent. An important part of adolescents' social interactions 
occur in schools, thus, by considering school friends I can capture their real social 
network quite reasonably. The use of non-experimental data allows me exploit the rich 
social networks available, through the use of a structural approach (linear-in-means), 
when estimating the impact of peer effects. This, in turn, allows me to exploit the 
similarities between the linear-in-means model and the spatial autoregressive approach 
developed in spatial econometrics. 

The recent rising interest in the presence of peer effects in physical activity is mo
tivated by the public concern with the obesity epidemics. The relative importance of 
the role of physical activity in prevention and treatment of obesity is still on the debate 
table. Part of the literature finds that physical activity plays an important role in the 
obesity epidemics, while another part of the literature points that eating habits play 
a central role in the recently observed weight gains t rends. u Yet, the importance of 
the impact of physical activity on health outcomes goes beyond its impact on obesity. 
Physical activity has a positive impact on physical and mental health outcomes. 

There is a great body of health literature on the benefits of physical activity in pre
venting chronic diseases such as coronary and heart disease, colorectal cancer and dia
betes. The inverse relationship between physical activity and heart attack was pointed 
by Paffenbarger et al. (1978). According to Magnus et al. (1979) regular daily activity 
such as gardening, walking or cycling were associated with a lower risk of acute coro
nary disease. The preventive impact of physical activity appears to be independent 
from family history, the level of health concern, smoking, weight and physical stature 
(Morris et al., 1990). Also, a series of meta-analysis on the preventive role of physical 
activity on coronary heart disease show that physical activity reduces the risk of coro
nary and heart incident as well as cardiovascular and all-cause mortality (e.g., Powell 
et a l , 1987; Berlin and Colditz, 1990; Sofi et al., 2008; Nocon et al., 2008). More specific 
studies such as Hamer and Chida (2008) found that walking plays an important role 
in reducing the risk of coronary heart disease. Zheng et al. (2009) find evidence in the 
same direction and point that physical activity should be considered as a prevention 
measure. 

Besides its impact on one of the most costly health problem, physical activity seem 
to reduce the risk of recurrence and mortality for stage III colorectal cancer patients 
(Meyerhardt et al., 2006a,b; Haydon et a l , 2006). These results are robust to any 
type of chemo-therapy received, gender and age of patients as well as their BMI.11 

In addition, physical activity appears to help preventing colon cancer (for a complete 
13Anderson et al. (2003), Andersen et al. (1998), Ruhm (2000), Courtemanche (2007), Bleich et al 

(2007), Fortin and Yazbeck (2011), Lakdawalla and Philipson (2002). 
14Note that Haydon et al. (2006) has found that BMI has an effect. 
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review see Sarnad et al., 2005; Wolin et al., 2009). 

Physical inactivity has an important role in increasing the risk of type 2 diabetes. 
There is a large body of literature on the impact of physical activity on diabetes pre
vention (Li et al., 2006b) and risk. Heimlich et al. (1991) highlight the presence of 
an inverse relationship between physical activity (e.g., walking) and type 2 diabetes. 
Other studies using data from Nurses Health study (Hu et al., 1999, 2001) and data 
from Iowa Women's Health Study (Folsom et al., 2000) show similar results. The im
pact of physical activity on reducing the risk of type two diabetes has been confirmed 
outside the U.S too. Hu et al. (2003) and Hu et al. (2004) find similar association using 
Finnish data. Also, Okada et al. (2000) using Osaka Health Survey (Japan) finds that 
moderate exercise on regular basis and a once a week vigorous exercise decrease the 
risk of type 2 diabetes. 

Besides its impact on diagnosed disease, physical activity has an impact on health 
status. The impact of physical activity on health has also been tackled from a general 
perspective using self reported health status (physical and mental) and physical activity. 
Papers by Warburton et al. (2006) and Pisinger et al. (2009) show that physical activity 
has a positive impact on health status. My paper finds its basis in this literature, as well 
as the literature on peer effects and physical activity. It assesses whether it is possible 
to depict peer effects in health outcomes. It specifically focuses on self-reported health 
status. While my paper is closely related to the work of Babcock and Hartman (2010) 
and Yakusheva et al. (2010) in its interest in the presence of peer effects in physical 
activity, it remains quite distinct in many respects as explained earlier in this section. 
An additional originality of this paper lies in the fact that it relates physical activity 
to health status in an attempt to highlight a potential mechanism through which peer 
effects in health outcomes are mediated. 

3.3 Structural Model and Estimation Methods 

This section has two main parts. First, I present a linear-in-means based model to 
estimate the presence of peer effects in physical activity.1 ' I linearly relate the outcome 
of an individual to his own characteristics, the corresponding mean characteristics of his 
peers as well as their mean outcome. Unlike the linear-in-means model I define social 
interactions at the network level. This, in turn, allows the identification of endogenous 
peer effects (physical activity of peers) and exogenous peer effects (characteristics of 
peers) under specific conditions. I also present the different estimation methods used to 

15This structural model can be derived from a choice-theoretic approach where each individuals 
physical activity is obtained from the maximization of his quadratic utility function which depends 
on his individual characteristics, his physical activity and his reference group's mean physical activ
ity and mean characteristics. This approach also assumes that social interactions have reached a 
noncooperative (Nash) equilibrium at which expected physical activity are realized. 
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estimate this model. Second, I present the dynamic health production function which 
relates an adolescent health status to his physical activity. I also present the estimation 
method that I follow to estimate this model. 

3.3.1 A structural model of peer effects in physical activity 

Suppose that I have a set of N individuals i that are partitioned in a set of L networks. A 
network is defined as a structure (e.g., school) in which individuals are tied by a certain 
affinity (e.g., friendship). Each individual i in the network has a set of nominated 
friends Ni of size n, that constitute his reference group (or peers). I assume that i is 
excluded from his reference group. Since peers are defined as nominated friends, the 
number of peers will not be the same for every network member. Let Gj (I = 1 , . . . , L) 
be the social interaction matrix for a network I, its element guj takes a value of — 
for _'s nominated friend and zero otherwise.16 Further, I assume that each individual 
interacts only with his friends in the same network and with no other friends outside 
the network. I define yu as the physical activity undertaken by individual _ in network 
/, xu represents the individual .'s observable characteristics, y; the vector of physical 
activity in network /, and x/ is the corresponding vector for individual characteristics. 
To simplify my presentation, I look at only one characteristic (e.g., adolescent's age).17 

The correlated effects are captured through <_.(. The e^s are the error terms, they 
capture z's unobservable characteristics that are not fixed within the network. Formally, 
one can write the linearinmeans model for individual i as follows: 

. oYaj^NiVlj , , rT,j^NiXlj . 
yu = a t y iB^—*■— + j x H y d—±—'— + e t i , (3.1) 

n { Ui 

where —;e
7i*

V' and —i^— are respectively his peers' mean physical activity frequency 
and characteristics. In the context of my paper, B is the endogenous social effect. It 
reflects how the individual's frequency of physical activity is affected by his peers' mean 
frequency of physical activity. One usually assumes that \f3\ < 1. The contextual social 
effects are represented by the parameter ô. It captures the impact of his peers' mean 
characteristic on his physical activity. It is important to note that the matrices of G/'s 
and the vectors of Xj's are stochastic but strictly exogenous conditional on a; , that 
is, E(eu\x.i,Gi,a<) = 0. This assumption is flexible enough to allow for correlation 
between the network's unobserved common characteristics (e.g., school's recreational 
facilities quality) and observed characteristics (e.g., parent's education).18 Nevertheless, 
once I condition on these common characteristics, parent's education is assumed to be 
independent of .'s idiosyncratic unobserved characteristics. Following the formulation 
of Bramoullé et al. (2009), let 1/ be the identity matrix for a network / and ti the 

16The G( matrix is row normalized. 
17The model can be easily generalized using more than one characteristic K >1. 
18In this case E(aj|Gj,Xj) / 0. 
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corresponding vector of ones, I can rewrite (3.1) in matrix notation as follows: 

yi = a m y /3Gtyi + 7x1 + <.G,x, + e t. (3.2) 

Since (1/ — (BGi) is invertible then, in matrix notation, the reduced form of the model 
for the network I can be written as follows: 

y, = a l ( I l - / 3G l ) -h l + ( I - p G l ) - 1 ( j I l + ÔGl)icl + ( I l - l 3G l ) - 1 e l , (3.3) 

To address problems that arise from the fact adolescents are sharing the same environ
ment, I perform a panel-like within transformation to the model.1'' More precisely, I 
average equation (3.3) over all students of network I and subtract it from i's equation.2" 
Let I* — H; be the matrix that obtains the deviation from network means such that 
HI=^-(L1L'I) . The network within transformation will eliminate the correlated effects OJ; 
over all the networks of the sample. Let K be a block-diagonal matrix with K; = I; — H; 
on its diagonal and G be a block-diagonal matrix with G; on its diagonal, then writ
ing the model in a more compact form defined over all networks yields the following 
equation: 

Ky = K(I - B G ) - \ j I y <JG)x + K(I - /3G)-**e. (3.4) 

Identif icat ion 

The structural model that I am using presents two main identification issues: 

a -Simul tanei ty 

The reflexion problem pointed by Manski (1993) may hinder the separation of the 
contextual effects from the endogenous effects. This identification issue was analyzed 
by Bramoullé et al. (2009) who tackled this issue in the context of network based 
interactions. In the absence of correlated effects (i.e., a; = a, V _), Bramoullé et al. 
(2009) show that it is possible to identify the structural parameters of the peer effect 
model if the matrices I, G, G2 are linearly independent (link distance =2). This implies 
the existence of at least two adolescents who are strangers to each other, but who are 
linked by a friend (intransitive triads). The identification condition becomes more 

19Alternatively, one could perform a local transformation where the averaging is performed only 
over all student i's friends. 
Bramoullé et al. (2009) has shown that if the model is identified with a global transformation, it will 
also be identified with a local transformation. 

2 0This transformation (i.e., gobal transformation) imposes less restrictive identification conditions. 
Alternatively, one could perform a local transformation where the averaging is performed only over all 
student i's friends. 
Bramoullé et al. (2009) has shown that if the model is identified with a global transformation, it will 
also be identified with a local transformation. 
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restrictive in the presence of fixed network effects. According Bramoullé et al. (2009), 
a sufficient condition for the identification of the structural parameters is the linear 
independence between I, G, G2 and G 3 (link distance=3). This condition is satisfied 
when two adolescents who are strangers to each other are linked by two friends. 

b -Endogenous Ne twork format ion 

Another identification problem may arise due to self-selection into school networks. 
This might introduce serious bias in estimating overall peer effects (endogenous-, ex
ogenous) if the source driving this selection process are not fully observable. More 
specifically, the correlations between the unobserved network specific factors and the 
regressors will be the principle source driving this bias. In this paper, it is assumed 
that network-specific fixed effects do capture all these factors. This is consistent with 
a two step link formation procedure. In the first step, each adolescent self select into 
a school. This selection bias will be due to the school specific characteristics. In the 
second step, the adolescent forms links in the school. These links can be formed either 
randomly or based on observable characteristics only. As mentioned earlier the network 
fixed effects are dealt with through a panel within transformation. 

Other types of correlated effects can occur for reasons other than common environ
mental factors. For instance, one can think of other uncommon unobserved reasons for 
which some people might group together. To account for this possibility, I allow for 
spatial autocorrelation in the error term in (3.3) such that: 

Bi = pGiei + i u (3-5) 

where the innovations, & are assumed to be i.i.d. N(0, o2It) and 0 < a2 < b with b 
< oo. The autoregressive spatial parameter p is assumed to be less than one and the 
matrix (I — pGi) is assumed to be nonsingular V \p\ < 1, / = 1,...,L (Kelejian and 
Prucha, 1999). Given these assumption I can write: 

ei = ( I i - p G i ) - % . (3.6) 

For a given vector of outcomes y defined for all school's networks and a corresponding 
matrix of individuals' characteristics X, the model is given by the following compact 
structural form: 

K M y = ^ K M G y + K M X 7 + K M G X 5 + u, (3.7) 

where M = (I — pG) and v = K£. As previously highlighted, in the presence of 
correlated effects, the parameters /., 7 and ô are identified if the matrices I, G, G2 and 
G 3 are linearly independent, a condition that will be checked with the data I use. 

The elimination of fixed effects using a within transformation leads to singular 
variance-covariance matrix such that E (vv ' | X, G) = KK/V2 = Ko 2 . To resolve 
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this problem I compute the orthonormal base of K;. Let Q[ the sub-matrix correspond
ing to the eigenvalues of 1. Q' ; has the following properties : QJQ/ = I„*, Q*QJ = K/ 
and QJ„ = 0 where n\ = n; — 1. Let us denote by Q the block-diagonal matrix, 
where Q\ are the matrices on the diagonal.Given that G is row-normalized I also have 
Q'M = Q ' M Q Q ' = M*Q' with K M = Q Q ' M this means that K M = QM*Q' and 
that K M G = QM*Q'G = QM*G*Q'. Pre-multiplying (3.7) by Q', the model can 
now be written as follows: 

M*y* = /?M*G*y* + M*X*7 + M*G*X*<. + u*, (3.8) 

where y* = Q'y, X* = Q'X, G* = Q 'GQ and v* = Q'£. Note that with this 
transformation one has E(u*v*' | X , G ) = cr2I„». Note also that while the block-
diagonal matrix G is composed of row normalized matrices that have zero diagonals 
(Gi), G* will not preserve these properties. This come without a cost as far as the 
consistency of the estimates is concerned. 

Following Lee et al. (2010), I propose two approaches to estimate the peer effect 
model presented earlier: (1) a maximum likelihood approach (ML), and (2) a generalized 
spatial two stage least squares approach (GS-2SLS). 

M a x i m u m Likelihood (ML) 

Using the same notation as in the previous section, and assuming that the errors are 
normally distributed the likelihood function can be expressed as follows21: 

_ » L L L 

InL = Z?Lln (27TO-2) + YJln|Inr -/.Gfl + £ > | I „ r - PMJ\ - — £„ ; ' „ ,* , (3.9) 
i=i i=i i=i 

where n* = £ ra? = N - L , and, from (3.8), v\ = M?(y? - BG\y\ - X,*7 - G,*X?<J). 
(=i 

Maximizing (3.9) with respect to (8,~y' ,ô,p,a) yields the maximum likelihood estima
tors of the model.22 Interestingly, the ML method is implemented after the elimination 
of the network fixed effects. Therefore, the estimators are not subject to the incidental 
parameters problem that may arise since the number of fixed effects increases with the 
the size of the networks sample. 

21 It is important to note that we do not account for the count nature of the dependant variable. 
We expect that this is bias our estimates downwards. 

22For computational simplicity, one can concentrate the log-likelihood function (3.9) and maximize 
the concentrated log-likelihood function. See Lee et al. (2010) for more details. 
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General ized spat ia l two s tage least squares (GS-2SLS) 

To estimate the model in (3.8) I adopt a generalized spatial two-stage least squares 
procedure presented in Lee et al. (2010). This approach provides a simple and tractable 
numerical method to estimate an asymptotically optimal IV estimator. In the case of my 
paper this method will consist of a two-step estimation.2 ! To simply the notation, let us 
denote by X* the matrix of explanatory variables such that X* = [G*y* X* G*X*]. 
Let P be the lighting matrix such that P = S(S 'S ) - S', and S a matrix of instruments 
such that S = [X* G*X* G*2X*]. In the first step, I estimate the following 2SLS 
estimator: 

0! = ( X ^ P X T ^ ' P y * , 

where 6\ is the first-step 2SLS vector of parameters [7' Ô' p] of the structural model. 

In the second step I estimate a 2SLS using Z as instruments. To avoid any confusion 
with the first step, let us denote this new matrix of instruments Z such that Z = Z(fl1) 
with: 

Z = [G*y* X* G*X*], 

and where 
G*y* = G * ( I - / . G T 1 [ ( X * 7 + G*X*<5)]. 

I then estimate: 
eLEE = ( z ' X * ) " 1 ^ * . 

This estimator can be shown to be asymptotically best IV estimator. We also have: 

VN(eL e e-0) ~ N (0, [Z'£*R-1£*Z]~1) . 

The matrix R is consistently estimated by 

,Z'Z 
R = s 2 ' 

N ' 

where s2 = N^1 X.i_Li ^.2 an<4 ^. a r e the residuals from the second step. It is important 
to note that, as in Kelejian and Prucha (1998), I assume that errors are homoscedastic. 
The estimation theory developed by Kelejian and Prucha (1998) under the assumption 
of homoscedastic errors does not apply if I assume heteroscedastic errors (Kelejian and 
Prucha, 2010). 

2.'i Note that for this particular case I impose p = 0 and thus Mi = /; 
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3.3.2 A health production function 

In this section I augment the physical activity peer effect model with a health production 
function by exploiting the panel data available on physical activity and health outcomes. 
Specifically, I relate an individual's self-reported health outcomes in time t to his lagged 
health outcome, his physical activity as well as his own characteristics in period t. Let 
yft be an individual's health outcome at time t, and yft be the individual's physical 
activity. Thus, for a given vector of characteristics x i t , the health production function 
can written as follows (for notational simplicity I suppress I): 

XJh
lt = 7T0 + 7T! */£,_! + 1J2y*« + -T3Xit + Sit (3.10) 

where, The error term e# can be decomposed into a time invariant term p t and a serially 
uncorrected idiosyncratic term uit. The time invariant component of the error term 
will be considered as a fixed effect. The reduced form obtained from (3.1) and (3.10) 
in stacked form allows me to depict the magnitude of a change in health resulting from 
an exogenous shock on physical activity via the social multiplier. Thus, plugging in the 
peer effect model in the health production function yields the following equation: 

^ [y i
/ l | y t 1 , . ]=7r 0 + 7r1y'?_1 + 7r2 

o 7 + <5_ 
+ T ".Xi 1 - / 3 l - p 

+ 7T3xt + E[e i t \y l 1 , .} (3.11) 

Partially differentiating equation (3.11) with respect to a will yield j^= which reflects 
the short-run impact in health satisfaction units of an exogenous shock on physical 
activity. The resulting short run parameter (j^g) entails two components: the impact 
of the physical activity on the health (i.e., 7T2) and the multiplier effect {jzâ). In the 
long run y^ = y!t

l_l thus, the long-run impact in health units of an exogenous shock on 
physical activity will be: -r* 1 

1- /3 1—_-i 

Estimating (3.10) with a simple OLS will not be consistent for two reasons. First, 
reverse causality might occur; an individual's physical activity is not exogenously deter
mined and may be affected by his own health status. In addition, there is a correlation 
between lagged dependant variable and the error term due the presence of a time in
variant error component. One way to resolve this issue is to apply a first difference. 
While such a transformation wipes out all individual fixed effects (except age) it has the 
advantage of making the correlation between right hand side regressors and the error 
term easier to handle. Formally the transformed model can be written as follows: 

Ay-t = 7T0 + - r i A ^ + *T2Ay£ + Ai/« (3.12) 

To resolve the correlation between the right hand side variables and the error term one 
can instrument for Ay^t_x and Ayft. To instrument the lagged dependant variable, I can 
either use Ay*ft_2 or y\ t_2 (Hsiao ,1981). Following the recommendations of Arellano 
and Bond (1991), I instrument using y^_2. As for the physical activity variable yft, I 
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instrument using Ayft_2 as well as the strictly exogenous variables that I have used in 
the previous section. 

3.4 Data and Descriptive Statistics 

3.4.1 Data 

The Add Health survey is a longitudinal study that is nationally representative of Amer
ican adolescents in grades 7 through 12. It is one of the most comprehensive health 
surveys that contains fairly exhaustive social, economic, psychological and physical well-
being variables along with contextual data on the family, neighbourhood, community, 
school, friendships, peer groups, romantic relationships, etc. In the first wave (Septem
ber 1994 to April 1995), all students (around 90 000) attending the randomly selected 
high schools were asked to answer a short questionnaire. An in-home sample (core 
sample) of approximately 20 000 students was then randomly drawn from each school. 
These adolescents were asked to participate in a more extensive questionnaire where 
detailed questions were asked. Information on (but not limited to) health, nutrition, ex
pectations, parents' health, parent-adolescent relationship and friends nomination was 
gathered.24 This cohort was then followed in-home in the subsequent waves in 1996 
(wave II) and 2001 (wave III). The extensive questionnaire was also used to construct 
the saturation sample that focuses on 16 selected schools (about 3000 students). Every 
student attending these selected schools answered the detailed questionnaire. There are 
two large schools and 14 other small schools. All schools are racially mixed and are lo
cated in major metropolitan areas except one large school that has a high concentration 
of white adolescents and is located in a rural area. 

In this paper I use the saturation sample of wave II in-home survey to investigate 
the presence of peer effects in physical activity.25 This allows me to depict physical 
activity patterns of each adolescent and relate it to that of his peer group. In addition, 
the availability of friend nomination allows me to retrace school friends and thus con
struct friendship networks.26 To estimate the health production function, I considered 
information from wave I, wave II and wave III. 

I exploit friends nominations to construct the network of friends. Thus, I consider all 
nominated friends as network members regardless of the reciprocity of the nomination. 
If an adolescent nominates a friend then a link is assigned between these two adolescents 
but the link does not need to be reciprocal. 

24Adolescents were asked to nominate either 1 female friend and 1 male friend or 5 female friends 
and 5 male friends. 

2 5It includes three types of physical activity exercising, active sports and recreational activities. 
2 6In the saturation sample, all students are asked to name their friends. 



3.4.2 Dependant variables 

In the estimation of the peer effects model, I use three key variables: exercising, playing 
active sports and recreation sports. Exercising refers to activities that are mainly 
cardio-vascular such as jumping rope or jogging. Playing active sports includes soccer, 
basketball or swimming and this is basically team sports. As for recreational sports, 
it usually includes all kinds of skating, biking and skying. Ideally, one should have 
intensity and frequency. In my case frequency is reported directly in the survey and 
the information on the intensit}-* of the physical activity is given by the different types 
of physical activities. 

To assess the impact of physical activity on health (i.e., production function), I use 
self reported health status. The use of self-reported health status has revealed to be 
reliable in the prediction of mortality as well as functional decline. It is argued that it 
is a better predictor than diagnosed health problems, biological or life-style risk factors 
(Idler and Kasl, 1991; McGee et al., 1999; Lee, 2000). Further, Benjamins et al. (2004) 
and Pisinger et al. (2009) show that self reported health status is weakly associated 
with accidental death (e.g., suicide, homicide...) and strongly associated with deaths 
resulting from lifestyle-related disease (e.g., coronary heart disease, cancer, diabetes...). 

3.4.3 Descriptive Statistics 

The dependant variable of the peer effects model is physical activity. It is reported 
by three different variables namely exercising, active sports and recreational sports. 
These three activities differ in terms of their intensity. Their value varies between 0 
and 3. For a frequency between one and twice a week the variable takes a value of 1, 
for a frequency between three to four times the variable takes a value of 2, finally for a 
frequency is between five and six times a week the variable takes a value of 3.2, 

The mean and standard deviation of the endogenous variable and it covariates are 
reported in table 3.1. It appears from my data that exercising is the most popular form 
of physical activity. Only 14% of the adolescents did not exercise at all while 27 % did 
not play active sports and 62 % did not engage in any recreational sports. Also, 34% of 
adolescents exercise between once to twice per week while 24% engage in recreational 
activities.28 

The covariates of the physical activity equation include the adolescent's personal 
characteristics, family characteristics as well as the corresponding contextual social 
effects. The personal characteristics are gender, age, ethnicity (white or other) and 

27This a common way of reporting physical activity data. 
28The figures are not reported but can be provided upon request. 
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grade. I observe that 50% of the sample are females, that the mean age is 16.3 years 
and that 57% are white. Family characteristics are dummies for mother's presence as 
well as mother and father education. I observe that 45% of mothers and 44% fathers 
have at least some college education. To control further for parents' income I use child 
allowance as a proxy. An adolescent's allowance is on average 8.41 $ per week, around 
53% of the adolescents in the sample have a weekly allowance. 

As for the health production functions, the dependant variables I use is the self-
reported health status. The covariates are the exercise, active sports and recreational 
activities, the lagged health status variable (Table 3.2), age, and all time-invariant 
variables appearing in Table 3.2. 

3.5 Results 

3.5.1 Baseline: OLS peer effects estimates 

Using a simple OLS regression, I estimate the physical activity peer effect model. For 
each type of physical activity, I regress the physical activity of an adolescent on the 
average physical activity of his group of reference, his individual characteristics as 
well as the average characteristics of his reference group. To account for correlated 
effects mentioned earlier, I perform a panel-like within transformation. Note that the 
naive OLS estimates and the OLSw estimates are inconsistent. Both of them do not 
account for the simultaneity problem discussed earlier. Further, the naive OLS ignores 
the presence of correlated effects resulting from the fact that adolescents in the same 
reference group tend to chose a similar frequency of physical activity. 

Estimation results of the naive OLS and the OLS-within reported respectively in 
table 3.3 and table 3.4. It appears that there is a significant positive peer effect in 
physical activity at the general level. The magnitude of these effects vary depending 
on the type of the activity studied. An adolescent would increase his active sports 
frequency by 0.24 in response to a 1 unit increase in his friends active sports practice. 
This corresponds to a 40 % (=0.24/0.59) increase in active sports. This impact becomes 
a little lower when I apply the within transformation (0.21 or 36%). The recreational 
sports parameter reveals the presence of peer effects that are lower than those of active 
sports 0.19 compared to 0.24 for active sports. On average the increase in recreational 
sports frequency corresponds to an increase that ranges between 13% and 11% when 
I consider the within estimates. As for the exercise peer effect parameter, it has the 
lowest magnitude (around 0.17, or 10%) this parameter decreases to 0.12 (or 7 %) when 
I consider the OLSw estimates.29 

29 How do these results compare to the ones obtained in the literature? To my knowledge, very 
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Individual characteristics reported in table 3.3 and table 3.4 exhibit fairly the same 
pattern. Physical activity seem to be decreasing in age for all three type of physical 
activity and increasing for adolescent who are in grade 9-10 except for recreational 
sports where the opposite occurs. The negative association between age and physical 
activity is well established one in the literature the steepest drop has been documented 
to be between the ages of 13 and 18 (Sallis, 2000). Also, girls are less likely to engage in 
recreational sports and active sports. Father's education has a positive on active sports 
participation and being white has a positive effect on exercising and recreational sports. 
As for contextual peer effects, it seems that friends' age has a negative influence on the 
mean frequency of active sports and recreational sports. Also the mean active sports 
increase with the mean education of friends' fathers and mean exercising decreases 
with mean education of friends' fathers and increases with mean education of friends' 
mothers. 

3.5.2 ML peer effect estimates 

Table 3.5 shows maximum likelihood estimates of the linear in means model with 
school fixed effect where the errors are allowed to be autocorrelated within the net
works (GSARAR model). Table 3.6 reports the results of this same model where the 
error term is assumed to be normally distributed (GSAR). By imposing normality on 
the error term, rather than autocorrelation, I can move from the first equation to the 
second. Results reported in table 3.5 and table 3.6 show that the estimated peer effects 
are between -0.10 and 0.17 (or - 7% and 29%). The estimates are smaller than those 
obtained using the naive OLS as well as the OLS-within (between 7% and 40%). This 
difference between the ML estimates and the ones of the previous section are likely to 
reflect a positive correlation between the error term and physical activity. 

Based on the GSARAR model (table 3.5), I notice that the estimated endogenous 
peer effect parameter is statistically insignificant for all three activities while the au
tocorrelation parameter is positive and significant for active sports and recreational 
sports only. The presence of positive significant autocorrelation suggests that adoles
cents' friendship formation may be due to their common preference for certain types 
of physical activity such as active sports (e.g., team sports) and recreational sports 
(e.g., biking). As for exercising, the hypothesis that the error term is correlated is 
rejected. This, in turn, suggest that the assumption of autocorrelated errors might not 
be suitable for this type of physical activity. While the absence of endogenous peer 
effects for active sports and recreational sports suggest that friends might not play an 
important role in shaping an individual's choice of this type of physical activity, it does 
not suggest the same for exercising. This is why I turn to a more restrictive model, 

little evidence based research has been done on the presence of peer effects in physical activity. All the 
studies that I am aware of used an experimental design approach to estimate these effects and cannot 
be used as a reference at this point. 
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where the autocorrelation parameter is assumed to be null. 

Estimation results for the GSAR model (table 3.6) show that all the peer effects pa
rameters are positive and statistically significant (between 0.10 and 0.17). This is in line 
with the estimates obtained in the literature on peer effect and physical activity. Pre
vious research on peer effect and physical activity has mainly focused on experimental 
approaches. Whilst the parameters estimated in my model are not exactly comparable 
to those obtained in the literature, one can still use these latter for guidance. The gym 
visits peer effect parameter estimated by Babcock and Hartman (2010) is 0.10 and is 
statistically significant. Also, Yakusheva et al. (2010) finds evidence that allow for the 
conclusion that having a roommate who exercise outside the gym will increase one own 
exercising by 0.13 times per week (i.e., on average 11%). 

Combining the information from ML estimates in tables 3.5 and 3.6 reveal the 
presence of significant positive peer effects in exercising of 0.11 (on average 7 %) and 
non-significant peer effects for active sports and recreational sports. An adolescent will 
increase his exercise by 0.11 times in response to a one time increase of his friends 
exercising per week. The associated social multiplier is 1.12 (= - 1 -j-). The magnitude 
of the multiplier does not come as a surprise as the existence of peer effects in physical 
activity is partially hindered by the presence of salient cost: it is always more appealing 
to exercise tomorrow instead of today.2,0 

3.5.3 GS-2SLS peer effect estimates 

Estimation results in table 3.7 are in contrast with the estimates previously obtained. 
They are statistically insignificant and smaller (0.03 and -0.01) expect for active sports. 
This is not surprising, as relaxing the normality assumption does not come without cost 
in precision. As for the individual characteristics and contextual peer effects, I notice 
that they are fairly similar to the ones obtained earlier. 

Based on the evidence presented in this section, it appears that the results are in 
favour of the presence of encouraging effects of friends in exercising. Exercising seems 
to be better with a buddy (Jago et al., 2010). 

!0Note that the fast food social multiplier estimated in Fortin and Yazbeck (2011) is larger than the 
physical activity multiplier estimated in this paper. The same rational applies: it is more appealing 
to eat today fast food today and stop tomorrow. 
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3.5.4 Health production function estimates 

The estimates of the peer effect model are consistent with the hypothesis that having 
a friend who exercises might help in increasing one's own exercising frequency. The 
presence of peer effects in exercising is valuable because of its positive impacts on health 
outcomes. In this section, I report the results of the production function presented 
earlier in an attempt to provide evidence on the presence of a relationship between 
physical activity and self-rated health status. The dependant variable used is self-
reported general health status. The lagged value of self-reported health status and 
lagged values of physical activity as well as the instruments previously utilized in the 
peer effect model were used as instruments. 

Estimation results are reported in table 3.-_ are in line with my expectations. Past 
health status is positively related to current health status. Being in good health to
day is significantly explained by past healthy status. This suggests that the effects 
of an exogenous shock on physical activity will have a stronger effect in the long run. 
Also, physical activity has a positive and significant effect on self-reported health. The 
presence of a causal link between physical activity and self-reported health status is 
compatible with the results obtained by Pisinger et al. (2009). It is also, generally 
compatible with the medical and epidemiological literature on the impacts of physical 
activity and health outcomes (see section 2). 

The consistency of the production function estimates depend on the validity of the 
instruments used. I test the validity of the instruments using a Sargan test and report 
the statistic in table 3.8. I do not reject the hypothesis that the instruments are valid 
and that the over-identification restrictions are satisfied. In addition, given that I do 
not reject the validity of the instruments, the Sargan test provides an indirect test for 
the presence serial autocorrelation in the idiosyncratic term i/«.31 

Finally, to highlight the presence of a transmission mechanism between physical 
activity and health, I combine results from the production function with those obtained 
in the peer effect. This allows me to compute the short run and long run impacts of 
an exogenous shock on physical activity on health status via the social multiplier. The 
obtained result suggests that, in the short run, exercising one extra time improves health 
status by 0.10 (=1.12 x 0.09) or by approximately by 5%. In the long run this impact 
becomes 0.13 (=1.12 x 0.09 x * 25 ). This allows for the conclusion that exercising 
impact on physical health can be amplified by the presence of social multiplier. 

3 1 The lagged variables will not be valid as instruments in the presence of serial autocorrelation. 
Note that the length of the panel is too short (i.e., T = 3 in my case) to perform a direct test for serial 
correlation 
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3.6 Conclusion 

In this paper, I investigate the presence of peer effects in physical activity and the extent 
to which these effects can be considered as a mechanism through which peer effects in 
health outcomes flow. To address this question, I first estimate a peer effect model to 
examine the nature and the size of the peer effects in physical activity. I then augment 
the peer effect model with a health production function. Results from the peer effect 
model show that there are peer effect in exercising: the associated multiplier effect is 
1.12. This shows that a friend's mean exercising frequency increases an own adolescent 
exercising frequency, suggesting that an individual lifestyle is affected by his peer's 
lifestyle. As for recreational sports or active sports, estimation results are not in favour 
of the presence of a social multiplier for these types of physical activity. It appears 
that most of the endogenous effect associated for these activities can be attributed to 
the presence of common preferences for certain sports type. It is not hard to conceive 
that people who perform outdoors activities (i.e., recreational activities) may have a 
common preference for exercising outdoors. A similar rational can be applied for active 
sports which is composed of team sports only. 

In addition to the peer effect model, I estimate a dynamic health production function 
where I relate an individual's health status to his physical activities. The results show 
that exercising has a positive significant impact on health of 0.09 (i.e., 4 %). This 
impact increases to 0.10 (i.e., 5 %) in the short run and 0.13 (i.e., 6%) in the long-run 
once I account for the social multiplier. This means that public policies can exploit 
the social multiplier to increase the spread of exercising through tax (e.g., gas tax) and 
subsidy reforms encouraging physical activity. 

Recently, there is a rising interest in the presence of peer effects in health outcomes 
and individual well being and happiness in general. One could extend this paper to 
investigate the presence of such peer effects and analyze the potential underlying mech
anisms that could mitigate them. A study by Fowler and Christakis (2008a) shows 
that happiness spreads through social network suggesting that an individual happiness 
affect the happiness of those who are in his reference group however the underlying 
mechanism is not identified. Further investigation in this direction could be interesting. 
Integrating health indices is another possible extension to this paper. Instead of using 
self-reported health status, one can construct a health related quality of life index. To 
my knowledge no work has been done in this direction. On the methodological level, a 
possible extension can be to turn to non linear ordered models (e.g., logit) to estimate 
peer effects and augment it with an ordered production health production function. 
Finally, one can take the the two step link formation approach a step further by finding 
instrumental variables that directly affect the formation of social networks but does 
not affect the outcomes of interest. To my knowledge no work has been done in this 
direction yet. 
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Table 3.1: Descriptive Statistics for the Peer Effect Model 

M e a n S.D 

Exercise 1.6298 1.0066 
Recreational Sports 1.4347 1.1366 
Active Sports 0.5861 0.8777 
Female 0.5032 0.5001 
Age 16.3477 1.4516 
White 0.5751 0.4945 
Black 0.1410 0.3482 
Asian 0.0092 0.0956 
Native 0.1290 0.3352 
Other 0.1457 0.3529 
Mother Present 0.8641 0.3427 
Mother No High School 0.1399 0.3470 
Mother High School 0.3638 0.4812 
Mother Some College 0.1929 0.3947 
Mother College 0.1940 0.3956 
Mother Advanced 0.0656 0.2477 
Mother Don't Know 0.0438 0.2046 
Father No High School 0.1387 0.3458 
Father High School 0.3253 0.4686 
Father Some college 0.1698 0.3756 
Father College 0.1911 0.3933 
Father Advanced 0.0794 0.2705 
Father Don't Know 0.0760 0.2651 
Father Missing 0.0196 0.1386 
Grade 7-8 0.1134 0.3172 
Grade 9-10 0.2689 0.4435 
Grade 11-12 0.6177 0.4861 
Allowance per week 8.4116 11.7141 

Observat ions 1737 
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Table 3.2: Descriptives Statistics for the Production Function 

M e a n S.D 

Self Reported General Physical Health 
Wave 1 2.0968 0.8935 
Wave 2 2.1024 0.8731 
Wave 3 1.9819 0.8698 

Observa t ions 1436 
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Table 3.8: Physical Health Production Function 

~Coef S. ïT 

Constant 0.1354 0.0553 *** 
A General H e a l t h y 0.2542 0.0623 *** 
A Recreational Sports 0.0782 0.0494 
A Active Sports 0.0447 0.0416 
A Exercising 0.0927 0.0409 ** 

Sargan Chi2 test(54) 56.5290 

N 1436 



Chapter 4 

Isolating the Effect of the South 
African Old-Age Pension on 
Grandchildren's Health: Role of 
Selection Bias 

4.1 Introduction 

A large number of studies are concerned with measuring the impact of income on 
health.1 Some of these focus on the effect of income on children's health (Case et al., 
2002; Currie and Stabile, 2003) and others on the impact of conditional cash transfers 
on children's health (for a complete review see Fiszbein et al., 2009). Nevertheless, 
there are very few studies on the channels through which family income may affect 
children's health. Recently, a finer line of research looked at the mechanisms through 
which income may affect children health outcomes.2 Propper et al. (2007), for instance, 
find little evidence of a direct impact of income on children's health. Rather, their study 
suggests that improvements in maternal health is the channel through which income 
flows to children." This paper contributes to this existing literature by investigating the 
mechanism through which the South African old-age pension program has produced its 
effects on children's health and by shedding some light on the channel through which 
the pension program may have affected children's health. 

The use of cash transfers programs as poverty alleviation mean in developing coun-

^ e e for instance Adler et al. (1994), Van Doorslaer et al. (1997),Deaton and Paxton (1998) and 
Marmot and Wilkinson (2006). 

2See for instance Currie et al. (2007),Propper et al. (2007) and Khanam et al. (2009). 
3Similar findings are found in a recent study by Khanam et al. (2009). 
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tries is very common. The South African old-age pension is targeted to provide support 
for the economically deprived elderly population. It is a sizeable amount of cash that 
represents more than double the median per capita income for a Black household. Since 
1991, the Black South African population gained a color-blind access to this program 
which resulted in a drastic increase in the financial resources available to this population. 
This pension is generous enough to produce unintended effects on living arrangements 
(Edmonds et al., 2005). In fact, the program may have prompted a grandparent and 
his adult children to form an extended household. This, in turn, may have produced an 
impact on children's health by allowing grandparents to provide better care to grand
children. ' Viewed from this perspective, the pension may have produced its impact 
on children's health directly through an income effect (e.g., food of better quality) or 
indirectly through its impact on living arrangements (e.g., more time allocated to the 
production of child care) or a combination of both. Our objective is to provide a better 
understanding on how this increase in income has affected children's health. 

In this paper, we investigate living arrangements as a possible channel through which 
income impacts children's health. Unlike much of the literature on the mechanism of 
income-health gradient, we study the case of a developing country and exploit the unique 
nature of the South African old age pension quasi-experiment to identify the impact 
of the this pension program on children's health (as in Case, 2001; Duflo, 2003). In 
theory, there are different motivations behind the formation of extended households.5 

We provide a discussion of each of these reasons and frame their possible impacts 
namely: sorting of children according to their health status. In doing so, we show that 
most of the reasons for which extended household are formed cannot be proved to be 
independent of children's health status. This suggests that further understanding of 
how this pension produced its impacts is needed. 

While our focus on household structure as a possible mechanism is motivated by 
the nature of living arrangements in South Africa, our interest in the direct impact 
of income on health and its transmission mechanisms is policy driven. In fact, the 
family environment in early childhood is a key determinant for a child's success in 
adult life. These effects can mediated through the child's physical as well as cognitive 
health. According to Heckman (2006) living in a disadvantaged environment at an 
early age has a detrimental effect on adult age success. He also argues that targeting 
interventions towards disadvantaged children at an early age (i.e., preventive measures) 
is more efficient than at later stages of life (i.e., remedying). Therefore, if changes in 
household structure are an important channel through which the South African old age 
pension program affects children's health at an early age, then this pension program 
may be more effective in addressing children's wellbeing if coupled with interventions 
that facilitate changes in living arrangements. 

4Better care can be either through more time invested in the production of child health or better 
surveillance of resources allocated to children's health. 

5Extended family bringing together grandparents, adult children and grand-children is actually a 
common living arrangement in South Africa. 
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Estimating the impact of income on health presents serious identification chal
lenges.0 First, the correlation between income and health may reflect the effect of 
unobserved factors on both outcomes. In this case, better data helps. But even in 
the absence of spurious correlation, identification is hindered if one's health and one's 
income are simultaneously determined. Second, the pension's unintended impacts on 
household structure (i.e., the emergence of extended living arrangement) makes it dif
ficult to disentangle the impacts of pension itself from the impact of the changes in the 
household structure resulting from pension eligibility (Edmonds et al., 2005). Further, 
if extended living arrangements' decision is based on children's health status at birth 
then identifying the real impact of the pension may be hindered further through selec
tion bias. A similar problem was pointed out by Angrist et al. (2002) and Angrist et al. 
(2006) for estimating the effect of school vouchers on test scores, when school vouchers 
affects the composition of the pool of students enrolled in school. 

In order to address the first issue, we rely on quasi-experimental nature of the south 
african old age pension that exogenously manipulates family income. In this case, the 
effect of income on health can be readily estimated from a simple difference in means 
between treated and control units. However, even such an ideal setting is not sufficient 
to understand the channels through which income may affect health (second issue). To 
address this possibility, we draw upon the literature of treatment effects (Flores and 
Flores-Lagunes, 2007) by treating living arrangements as a post-treatment variable. 
We provide an econometric framework to identify the impact of income on children's 
health which is not due to changes in living arrangements, i.e. a net income effect. 
Based on the sample of children under the age of six present in extended households, 
we exploit the timing of effects and the longitudinal aspect of the data to block the 
impact of the treatment on the post-treatment variable and circumvent the selection 
issue. We do not expect household formation to be endogenous to child's health status 
when the child is born in a household where the elderly relative is already present. Thus 
by conditioning on the presence of the elderly presence prior the the child's birth, we 
remove the selection bias resulting from sorting by blocking the impact of the pension 
on household structure. 

Unlike Duflo (2003), the results show that when we condition on household com
position and block the effect of the pension on living arrangements, we do not find a 
significant effect on child's anthropometric measures, suggesting that the effect that 
was found was entirely due to the selection effect. Such a selection effect is consistent 
with elderly pairing up with children of better health status under the program. Our 
result suggests that the effect found by Duflo may be entirely due to changes in the 
composition of households with no improvements in children's health. It suggests that 
pension cash transfers targeted to the elderly poor do not trickle down to children. It 
cautions against conditioning on variables that are themselves affected by a treatment 

6See for instance Adams et al. (2003), Meer et al. (2003), Contoyannis et al. (2004), Frijters et al. 
(2005) and Lindahl (2005). 

7To cite Deaton (2002):"Income might cause health, health might cause income or both might be 
correlated with other factors." 
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when estimating an average treatment effect on beneficiaries. 

The remaining of the paper unfolds as follows. In section 2, we present a simple 
theoretical framework to frame the expected impacts of the South African Old Age 
Pension. In Section 3 we present our identification and empirical strategy. In section 4 
we provide a brief description of the South African old age pension program and of the 
Kwazulu-Natal Income Dynamics Study data. In section 5 we present our empirical 
results. Finally, section 6 will conclude. 

4.2 Background on The South African Old Age Pen
sion 

The South African population is of three types : Whites, Blacks and Indians. Prior to 
1991, only whites had full access to the pension. In 1991, the program became color
blind and the Black population gained an access to this program."" This led to a drastic 
increase in the financial resources available to the Black South African population. 
The pension represents a sizeable amount of cash. It represents more than double the 
median per capita income (for a Black household) and is the principal source of income 
after earnings gained from paid jobs and informal work (Moller and Ferreira, 2003). 
There are two eligibility criteria: means and age. Women are eligible at the age of 60 
whereas men are eligible at the age of 65. Given that Black elderly people are among 
the poorest in South Africa, almost all of them are means-eligible. This thus makes 
age the principal binding eligibility criterion. In particular, pension income does not 
depend on previous work history, the income of household members. Individual can 
collect their pension regardless of labor market attachment. 

Pension money is paid in mobile points such as schools, civic centers and police 
stations which makes accessible for most pension eligibiles. Pension income is typically 
pooled with income of other household members and shared with the extended family. 
According to the Non-Contributory Pensions and Poverty Study Survey, on average 
76% of Black South Africans pension recipients report that none of the pension money 
was for their own use. Qualitative evidence also suggest that the elderly provide an 
important share of child care in extended families (Burman, 1995). Taking a historical 
perspective, Burman (1996) documents the causes of the reversal of the typical flow 
of support from the younger to the older generation that Black South African families 
have experienced. He points to the effect of the restriction of Black South Africans 
to townships and "homelands" during the apartheid era on Black South African living 
arrangements. Men were often allowed to temporary work in certain restricted areas. 
But they were generally prohibited to bring their spouses and children along. In this 
context, mothers started to rely on the support provided by other family members, 

3This pension program is financed by general tax revenues that are collected on a national basis 
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and in particular grandparents. This pattern was reinforced by migration of prime age 
adult, driven by poverty and by the increase in opportunities for Blacks after the end 
of the apartheid era; see Anderson (2000), Case and Deaton (1998). 

4.3 Theoretical Discussion 

The objective of this section is to explain how the introduction of the South African 
old-age pension may affect children's living arrangements and health outcomes. We 
distinguish between a treatment effect on health and a selection effect on health. We 
relate the selection effect to the mechanism driving the effect of the program on living 
arrangements. We also explore the mechanisms that could give rise to the treatment 
effect of the pension on health. 

4.3.1 Impact of the old-age pension on living arrangements 

Extended households are typically three generation households in which children, their 
mother/father, and at least one elderly co-reside. Skip generation household, where 
mother and father are absent and the elderly co-reside with children, are also considered 
as extended. We contrast the extended structure to the nuclear structure. Elderly who 
are not co-residing with children are considered to be living in a nuclear household. 
Similarly, we consider that children who are not co-residing with an elderly live in 
nuclear households. 

We follow Edmonds et al. (2005) and distinguish between three explanations for 
why the introduction of the old-age pension may affect living arrangements. First, the 
elderly propensity to consume his/her preferred living arrangements may increase. If 
both the elderly and the children's parents prefer co-residing together than living in 
separate households, then a new extended household is formed. The opposite holds if 
their preference is towards more privacy. If an extended household is preferred by the 
elderly but not by the children's parents, a new extended household may still be formed 
if the elderly can compensate the children's parents for their loss in terms of private 
life. 

Second, even in the absence of heterogeneity over preferences for living arrange
ments, a new extended household may be formed if the elderly finds that this arrange
ment eases the enforcement of contracts. Living in an extended household may, for 
instance, help the elderly monitoring the behaviour of his adult children in exchange 
for his financial support, in which case the pension program may result in the formation 
of extended households (Pollak, 1988). In contrast, the pension program, by providing 
public social insurance, may crowd-out informal risk-sharing arrangements and leads 
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extended households to split. 

Finally, in the absence of heterogeneity over preferences for living arrangements 
and in the absence of issues of enforcement of intra-family contracts, a new extended 
household may be formed if this arrangement allows the family to increase household 
production efficiency. This may, for instance, be the case if by taking care of the 
children, the elderly allows the adult child to increase his/her productivity on the labor 
market. 

4.3.2 Selection effect, t reatment effect or both? 

Children living with pensioners may be found to have better health outcomes than 
children living with non-beneficiary elderly (as in Duflo 2003). The effect can be entirely 
driven by selection; it can be due to a direct income effect; or it may reflect both a 
selection and a treatment effect. The causal effect of the treatment may arise through 
the change in household structure and/or from the extra income made available to the 
elderly. 

Figure 4.1: Treatment Effect on Child Health 

Child Health Child Health 

An effect on children's health outcomes may be obtained via the change in household 
structure (see figure 4.1). The elderly may, for instance, have more say over the child's 
health from the fact that they now co-reside. If she values the child's health more than 
the child's parent, then child's health may be improved. This causal effect related to the 
change in household structure may also arise from the gain in efficiency in household 
production. The gain in efficiency may result in children being better off in terms 
of health outcomes if, for instance, more time is spent on child care. As discussed 
previously, the change in household structure may also be motivated by the change in 
family contractual arrangements. This change may, in turn, affect child's health. 

Conditional on living in an extended household, children's health may also improve 
as a result of the extra income provided by the pension program (again, see figure 
4.1). Their health may improve because the extra income is spent in doctor's visits and 
medicine. It may further increase if the elderly say over the household's expenditure 
pattern is greater as a result of the program and she has a strong preference for spending 
the extra income on inputs to child's health. This extra income may also allow the 
household to allocate more time to child care. 
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The pension program may not only result in more elderly and children co-residing, it 
may also change the composition of the pool of children living with elderly. Extended 
households formed as a result of the program may foster children with better/worse 
health outcomes than extended households that are formed in the absence of the pro
gram. Clearly, in the absence of an impact of the program on living arrangement, one 
would not expect a change in the pool of children living with the elderly. A causal ef
fect of the pension on living arrangements does not also imply that the pool of children 
living with the elderly is changed. 

Why would selection explain part of the observed difference in health outcomes be
tween children living with pensioners and children living with non-beneficiary elderly? 
Children co-residing with the elderly as a result of the program may differ in terms of 
health attributes from children who co-reside in the absence of the program. Suppose 
that the program increases the likelihood that an extended household be formed (as in 
Edmonds 2005) and that health outcomes of children living with pensioners are higher 
than health outcomes of children living with non-beneficiary elderly (as in Duflo 2003). 
Going back to the three mechanisms driving the effect of the program on living arrange
ment -preferences over household structure, change in family contractual arrangements, 
and efficiency gains — if these factors are correlated with child's health status, then 
sorting on child's health status is expected. For instance, co-residence of elderly and 
children may be more desirable for both the elderly and the children's parents when 
child's health is poor. Extended households that are formed as a result of the program 
then tend to foster less healthy children than extended household formed in the absence 
of the program. 

4.4 Empirical Framework 

The objective of the empirical analysis is to isolate the treatment effect from the se
lection effect of the pension on children's health outcomes. We start by defining the 
parameters of interest, and then lay out our estimation strategy, discussing the selection 
effect issue. 

4.4.1 Parameters of interest 

Our main outcome of interest, Y, is an anthropometric measure of child's health. The 
effect of the program on the measure of child's health may be direct, or through an 
effect on the child's living arrangement. Let Z = 1 if a child is living with an elderly 
relative, and 0 otherwise. Elderly relatives includes grandparents, great-grandparents, 
granduncle and grandaunt. We restrict the analysis to young children (those who have 
not yet reached their 6th anniversary) who have at least one of their four grandparent 
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alive and/or live with an elderly relative.9 

In order to assess the effects of the program, we would ideally want to observe each 
child in the two states of the world, with program and without program. The central 
issue in evaluating the effect of this program is that we cannot observe Y(0), Z(0) and 
Y ( l ) , Z ( l ) , i.e., the potential outcomes in the two states, for the same person. One 
person can only be observed in one of the two states. In the presence of the program, the 
only observed outcomes are Y = Y(\) and Z = Z( l ) , and Y(0), Z(0) are counterfactual 
outcomes. Both potential outcomes are necessary to define the parameters of interest. 

Since our analysis is at the child-level, we define treatment status at this level, even 
though the pension recipient is the elderly and not the child. Let D = 1 if the child has 
at least one grandparent who would be eligible to the pension program had the program 
been in place, and 0 otherwise. We distinguish between the following parameters: 

Ay = E(Yi — YQ\D = 1) is the causal effect of the pension program on all 
children who have at least one grand-parent eligible to the pension (irrespective 
of whether the child co-reside with him/her). The effect is not expected to be 
large in magnitude since nonresident grandparents who are eligible to the pension 
may not be contributing much to their grandchildren's health. 

Ay\zi=i — E(Y\ — YQ\D = 1,_?I = 1) is the causal effect of the pension program 
for those living with a pensioner. 

Az = E(Z\ — ZQ\D = 1) is the causal effect of the program on children's living 
arrangements. This parameter is estimated in Edmonds et al. (2005). They find 
that eligible grandparents are more likely to be living with young children than 
non-eligible grandparents. 

We now discuss identification and estimation of the first two parameters. 

4.4.2 Estimation strategy 

We first outline our identifying assumptions. Our estimation strategy exploits the fact 
that the age is the binding eligibility criteria for most of the Black South African house
holds in our sample. We abstract from issues of selection into treatment by comparing 
children who have at least one grandparent who is age-eligible to the pension to children 
whose grandparents are not age-eligible. For that to help us identify the parameters of 

9In the following, we will refer to relative elderly and grandparents as grandparents, for the sake of 
brevity. 
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interest, we assume that age randomly excludes potential participants from the pension 
program. We also assume that there are no take-up issues, no substitution bias and no 
general equilibrium effects. Let T = 1 if the child has at least one grandparent who 
is age-eligible to the pension. Then, the observed outcomes for T = 0 children can 
be used as a counterfactual for what T = 1 children would have experienced in the 
absence of the program. These standard assumptions are used in other work assessing 
the impact of the South African pension program (Case and Deaton, 1998; Duflo, 2000; 
Duflo, 2003; Edmonds et al., 2005). 

Under these assumptions, we obtain: 

AY = E(Yi - Y0\D = I) = E(Y\D = 1,T = 1) - E(Y\D = 1,T = 0). 

This parameter may be estimated as simple mean differences or within a linear regres
sion framework. The equation of interest is: 

Y = X 'P + A Y T + e, (4.1) 

where X is a matrix of observable characteristics at the child and household levels, 
fi the vector of parameters associated to X, and e the error term. Since we have 
multiple observations by household, we allow for error terms to be correlated among 
children within the same households. The main parameter of interest is Ay; in the 
result section, we present estimates for two specifications on X, with a small and large 
set of observables characteristics. 

Identification of the causal effect of the pension program for those living with a 
pensioner, Ay\zx=i, raises more challenges. We have the following result. 

L e m m a 1. Let A s = E(Y0\D = 1,ZX = 1) - E(Y0\D = 1 , Z 0 = 1). Under the set of 
assumptions described above, Ay \zx=i = E(Y\D = 1, Z = l , T = 1) — E(Y\D = 1, Z = 
1, T = 0) if and only if As — 0. 

Proof. 

Ay|z_=i = {E(\\ \D = \ ,Z y = 1) - E(Y0\D = \,ZX = 1)} + E(Y0\D = 1, Za = 1) - E(Y0\D = 1, Z0 = 1) 
= {E(Y1\D = 1,Zi = 1) - E(Y0\D = 1,Z0 = 1)} - As-

n 

Let A y | z = 1 = {E(Y\D - 1, Zr = 1) - E(Y0\D = 1,Z0 = 1)} . Under the assump
tion that the assignment of the program to the elderly is exogenous, we have: 

A y | z = 1 = E(Yi\D = l , Z 1 = l , T = l ) - E ( Y 0 \ D = l,Zo = l , T = 0) 
= E(Y\D = 1,Z = 1 , T = 1 ) - E ( Y \ D = l , Z = l , T = 0). 
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Thus, 

Ay | Z l = 1 = {E(Y\D = \ , Z = L T = l) - E(Y\D = l , Z = 1,T = 0)} - A s . 

Hence, the result-

The standard exogeneity assumption on the assignment to the program is not suf
ficient to estimate the causal effect of the pension program for those living with a 
pensioner as the difference in observed outcomes for children living with eligible grand
parents and those living with non-eligible grandparents. In other words, the observed 
outcome for children living with non-eligible grandparents is not a valid counterfactual 
to assess the situation that children who live with an eligible grandparent would have 
experienced in the absence of the pension program. 

The problem comes from the fact that the program may have altered the composition 
of the pool of children residing with a grandparent. If, for instance, co-residence is more 
desirable when child's health is poorer, then the 'marginal' children who switch from 
no co-residence to corésidence with an elderly as a result of the program tend to be in 
better health than those who live with a grandparent in the absence of the program. In 
this case, the program makes it possible for children who are in better health to reside 
with a grandparent, and the selection effect is positive: 

A s = E(Y0\D = 1, Zr = 1) - E(Y0\D = 1, Z0 = 1) > 0. 

Thus, unless there is no change in the composition of children living with eligible grand
parents, Ay | z = i provide a biased estimate of the causal effect of the pension program 
for those living with a pensioner, Ay\z,=i- In our example, it would overestimate the 
effect of interest. 

However, if a household had extended living arrangements prior to the birth of the 
child and remained extended after the birth of the child, then one may argue that the 
health status of the new born comes as a surprise to all household members. If there is 
no sorting into extended households based on the child's health status, the difference in 
average health outcomes of children born into households with eligible grandparents and 
those born into households with non-eligible grandparents then provides an unbiased 
estimate of the causal effect of the program for children born into households with a 
pensioner. When the decision to co-reside cannot be based on child's health, which is 
yet to be realized, we do not expect a change in the composition of a pool of children 
living with grandparents. In this case, the difference in average child health outcomes 
for children born into extended households with eligible and non-eligible grandparents 
may be interpreted as the causal effect of the pension program for those born into an 
extended household. If, in addition, this causal effect can be assumed to be the same 
for children born into extended households and all those co-residing with a pensioner, 
then, by restricting the sample to children born into extended household we can recover 
an estimate of the causal effect of interest, Ay|z 1 = i . 
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To estimate the causal effect of the pension program for those born into an extended 
household, we use equation (4.1), limiting the sample to this set of children. To make 
our results comparable with previous results (Duflo, 2000, 2003), we estimate Ay|_j=i 
using equation (4.1), but restricting the sample only to children living with elderly, 
regardless of whether they were born into an extended household or not. Note, however, 
that we cannot use as Duflo (2000, 2003) the cohort of older children who were only 
partially exposed to the program as a comparison group. This limit to our estimation 
strategy is due to data constraints, as the majority of children for whom we observe 
anthropometric measures are born after the start of the program. 

4.5 Data 

This paper uses the Kwazalu Natal Income Dynamics Survey (KIDS).10 Kwazalu-Natal 
is the largest province in South Africa (10 million inhabitants). Eighty percent of the 
population is Zulu. This survey builds on the Project for Statistics on Living Standards 
and Development (PSLSD) undertaken in 1993 and was designed to be representative 
at a provincial level. This population was re-surveyed in 1998 and 2004. To ensure 
comparability, the 1998 and 2004 questionnaires were designed to follow closely the 
1993 version with some minor changes. 

Questions were asked on household level, family and person level characteristics. 
The questionnaire covers a wide variety of topics: demography, household services, 
household expenditure, educational status and expenditure, remittances and marital 
maintenance, land and access use, employment and income, health status and expendi
ture and anthropometry. All children living in the selected households, were measured 
and weighted. Anthropometric measures were obtained for all children under 7 years in 
1993 and under 14 years in 1998 that are present in the household. This paper uses two 
waves; 1993 and 1998.u We merge the first two waves (1993 and 1998) and construct 
a unique identifier for each individual. 

In this paper, we focus the sample of households where children between the age 
of 6 months 5 years old (inclusive) are living. We are interested in extended living ar
rangements that include children, along with at least an adult from the older generation 
(grandparent, grand-aunt or grand-uncle). We are also interested in knowing whether 
the child was born in an extended living arrangement. We identify children who are 
co-residing with their grandparents (or great-grandparents) through an algorithm based 
on relationships to the head of households. We classified households as extended if the 

10This panel is a collaborative project of the International Food Policy Research Institute, the 
University of Natal Durban, the University of Wisconsin-Madison and the South African Labor De
velopment Research Unit at the University of Cape Town. 

n D u r i n g the period of the third wave period (i.e., 2004) Child Support Grants were provided to 
households with children. Identifying the effect of this program is beyond the scope of this paper. 
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family link is greater than or equal to 3.12 As for nuclear household, they include at 
least one child and one adult parent and no older relative (parent, parent-in-law, aunt or 
uncle). Thus, using information identifying the head of household and the relationship 
to the head, we classified all households where young children are living (in wave 2) 
in one of these two categories .* *' Then given this information, we link the households 
to the first wave and assess the nature of the household structure at that time. By 
merging these two waves, we can flag households that became extended in the past five 
years and focus on children born to extended households. In contrast, (Duflo, 2000, 
2003) focuses on children present in extended households, regardless of whether this 
household structure was already in place when the children were born. For each child, 
we determine whether he/she has a grandparent alive (as reported by the parents of the 
child), whether he/she is living with at least one grandparent or an elderly relative. We 
also usually observe the age of the elderly person. In the event the age of the elderly is 
not reported, we predict it as in Duflo (2003). ' ' 

Our objective is to assess the impact of the pension on children's health. This is 
why we focus on children anthropometric measures as dependent variables. We use 
height-for-age z-scores and weight-for-height z-scores. When the weight-for-height is 2 
standard deviations below its expected value the child is wasted. Similarly when the 
height for age is 2 standard deviations below its expected value the child is stunted. 
In addition, Height-for-age is a long-term measure; it can serve as an ex-post indicator 
for inputs received in the first three years of life (Aguero et a l , 2007). Consequently, 
insufficient height reflects a long-term malnutrition due to sustained unbalanced diets, 
poor health and protein deficiency. Weight-for-height, which is defined for each age (in 
months), measures the short-run nutritional status. Therefore, it allows to capture the 
effect of the recent presence of a pensioner in a household, an increase in calorie intake 
that is not yet translated in growth, or a recent increase in calorie intake. Given the 
South African context, we think that this measure is as important as height-for-age 
as it may capture an increase in calorie intake that is not necessarily due a protein 
balanced diet. If this is the case, then we may observe effects weight-for-height but not 
on height-for-age. 

The descriptive statistics for height-for-age are provided in table 4.1 and descriptive 
statistics for weight-for-height table are provided in table 4.2.15 According to the de
scriptive statistics, it appears that around 75% of children have an eligible grandmother 
and 35% of children have an eligible grandfather. When we focus on co-residence we 
see that 48% of children co-reside with an eligible female while only 17% of children 

12We allow for children's parents to be absent from the household. 
13After applying a crude algorithm that allowed us to classify the bulk of households, we checked 

the remaining by examining them on a case-by-case basis, exploiting the detailed information of the 
relationship to the household head. 

14Following Duflo's work, a child is considered eligible if one of the following is true: the 
mother/father of the child is older than 34 years and her/his mother is still alive, or the mother/father 
is older than 32 years and her/his father is still alive. 

15Since we do not have the exact sample for both we report their statistics separately. 
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co-reside with male elderly. This is not very surprising as women live longer and are 
more likely to co-reside with grand-children. As for the average number of school years 
of parents, it seems to be fairly similar between females and males: respectively 4.5 for 
females and 4.7 for males. On average children do not suffer from wasting or stunting 
the mean weight-for-height and height-for-age are respectively 0.662 and —0.745. In 
addition, the prevalence of wasting is around 22% and the prevalence of stunting is 
3.5%. l6 

4.6 Results 

4.6.1 Main Results 

First we consider the impact of pension eligibility on children using exogenous controls 
regardless of living arrangements (i.e., Ay). This parameter reflects the unconditional 
impact of pension eligibility on children health outcomes. Estimation results reported 
in table 4.3 show the coefficients for the impact of respectively female and male eligi
bility on children's weight-for-height z-scores (whz) and height-for-age z-scores (haz). 
The first three columns report results for weight-for-height z-scores and the last three 
columns for height-for-age z-scores. On a general level, pension eligibility seems to have 
no significant impact on children anthropometric measures. Having a female elderly eli
gible has a positive non significant impact on weight-for-height, and this impact remains 
insignificant and positive when we run separate regressions girls. Yet, it becomes nega
tive for boys. As for its impact on height-for-age z-score, female eligibility has a positive 
and statistically insignificant impact that remains as such when separate regressions are 
computed by gender. Male pension eligibility seems to have a negative non-significant 
impact on weight-for-height and positive non-significant impact on height-for-age z-
score. These impact remains in the same direction across gender though the impact on 
boys' height-for-age z-scores appear to be much higher than girls'. 

The control variables reveal that age has a negative and statistically significant 
impact on height-for-age z-scores of -0.58 standard deviations and that these effects 
are not linear. This suggests that the older the child is the lower the height-for-age 
z-score. The height-for-age is a long term measure of previous nutrition deprivations. 
The older the child gets the more he will accumulate a stock of deprivation. More 
interestingly, these effects becomes higher for girls when we run separate regressions by 
gender. Father's age seem to have a negative effect on children in general and on girls 
in particular. A possible explanation for this impact is that older fathers might invest 
less in their daughters' health than young fathers do. Turning to the mother's age, 
it appears that it has a positive significant impact on girls' long-term health measure. 
The age of the mother can be considered as reflection of acquired experience in child 

1 Results are not reported here but can be provided upon request. 
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care and home allocation of resources. Thus, the older mothers might have better ways 
of allocating resources and taking care of young girls. Mother's education appears also 
to have a small positive significant impact on girls weight-for-height of 0.06 standard 
deviations. 

The parameters estimated in table 4.3 must be interpreted with care for two main 
reasons. First, a child is considered as a beneficiary of the pension even if he/she is 
not co-residing with an age-eligible grandparent. Even if we assume that the non
resident grandparent lives close enough, there is no theoretical or empirical evidence 
that shows that one can treat co-residence as a special case of close proximity and 
pool both households together (Compton and Pollak, 2009). Besides, the non-resident 
grandparent may not even be living in close proximity and may not be contributing in 
any ways to his/her grandchild's health. Second, and as discussed in Section 3, there 
are potential confounding post treatment effects accruing from the impact of pension 
eligibility on co-residence itself (Edmonds et al., 2005). This leads us to focus our 
attention to children who are present in extended households. 

The impact of pension eligibility in extended households (i.e., Ay\z=i) is reported 
in table 4.4. Estimation results show that female eligibility have a positive significant 
effect of 0.51 on girls' weight-for-height and a negative non significant effect on boys. On 
average, co-residing with a female elderly increases weight-for-height by 0.50 standard 
deviation. The positive effect is in line with Duflo (2000, 2003)'s result. Yet the 
magnitude is different since we are using a different cohort from a different dataset (we 
only focus on one province) and at a different point in time. Turning our attention 
to the impact of male eligibility, we find that it has a positive - but non significant-
impact on girls anthropometric measures (as in Duflo, 2003) and a positive significant 
effect on boy's height-for-age of 0.53. As for the correlates, they follow roughly the 
same pattern as the previous estimation. Mother's education and age are positively 
correlated with respectively weight-for-height and height-for-age. One explanation is 
that more educated mothers provide more food to young children, thus leading to an 
increase in weight-for-height and that older mothers have acquired more experience in 
child rearing and resource allocation within the household.1. Once we run separate 
regressions for boys and girls we notice that the positive impacts of mother's education 
and age on weight-for-height z-score and height-for-age z-score hold only for girls. This 
suggests that as mothers have more education or grow older, they may develop a taste 
for discrimination in favour of girls. Turning our attention to father's age we notice 
that it is positively correlated with short term anthropometric measures. 

These results, while they focus on a very specific definition of eligibility, must be 
interpreted with caution. Evidence in Edmonds et al. (2005) show that the pension has 
prompted adult children and their parents to form extended households. If an elderly's 
co-residence decision is correlated with children's health status, results from table 4.4 
are most likely subject to selection bias. In this context, estimating a treatment effect 

17 It is also possible that older women may be giving birth to healthier children. 
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while conditioning on household structure may be misleading as we cannot disentangle 
the impact of the pension from the impact of the change in the household structure 
itself. As a result, the estimated parameters may overstate the impact of the pension 
and may be misleading. 

Estimation results presented in table 4.5 account for this possibility. Specifically, we 
block the impact of the pension on household structure by focusing on children who are 
born in extended households.1* We find that the impacts of the pension eligibility on 
children's anthropometric measures are still of the same sign but that the magnitudes 
changed and they are no longer significant. The impact of female eligibility on girls 
weight-for-height decreased by 23.5% (0.12 standard deviations) from 0.51 to 0.39 and 
lost its significance. Similarly, the impact of male eligibility on boys height-for-age z-
score decreased by 34% from 0.53 to 0.35 standard deviations and became statistically 
insignificant. 

To summarize, if we accept the hypothesis that the elderly's decision to co-reside 
prior to the birth of the child is independent from the child's health status then the 
results obtained while conditioning on household structure are biased upward. This 
result is consistent with a positive selection effect resulting from the fact that the 
program is making it possible for children of better health status to co-reside with a 
grandparent. 

4.6.2 Further Results 

The presence of significant impacts of pension eligibility depicted in extended house
holds might be driven by the fairly modest number of covariates used. While the 
controls were selected for their purely exogenous nature it is important to see how the 
parameters of interest react when more controls (but not purely exogenous) are added. 
Table 4.7 shows estimation results with a richer set of controls. The impact of female 
eligibility and male eligibility on respectively girls weight-for-height and male height-
for-age is still positive and statistically significant but smaller in magnitude. A similar 
regression was estimated to assess whether the absence of impacts depicted for children 
born to extended households was due to lack of controls. Estimation results presented 
in table 1.6 confirm that this is not the case. 

While the impact of the pension eligibility on children health disappears when we 
block the impact of the treatment on the post-treatment variable, one can argue that 
the absence of pension's impact on children anthropometric measures may be due to a 
decrease in power as the sample size is reduced. To assess if this could possibly drive the 
absence of significant impacts of the pension, we run the same regression for children 
who were not born in extended household. The estimation results reported in table 4.8 

IX It should be noted that these results may not be representative. 
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show that even with a reduced sample size the impacts that we estimated earlier can 
be recovered. For children who were not born in extended households, but are living in 
an extended households, female eligibility has a positive significant effect on girls and 
male eligibility has a positive significant effect on boys. 

4.7 Conclusion 

In this paper we assess whether household composition may be a possible channel 
through which income may flow to affect children's health. To assess this possibility, 
we exploit the unique nature of a South African quasi-natural experiment (universal 
Old Age Pension) and use the dynamic nature of the data to identify changes in house
holds' composition. We then use this information to block the impact of the pension on 
household composition and identify the net impact of the program on children anthro
pometric measures. If the change in household composition is an important channel 
through which income can produce its impacts on children health outcomes, then such 
cash transfers programs can be more effective if coupled with intervention that facili
tate changes in living arrangements. Results suggest that the pension effect that was 
found previously was entirely due to changes in household composition. Such an effect 
is consistent with elderly pairing up with children of better health status under the 
program. This suggests that pension cash transfers targeted to the elderly poor do 
not always trickle down to children. It cautions against conditioning on variables that 
are themselves affected by a treatment when estimating an average treatment effect on 
beneficiaries. 

There are many possible extensions to our work. The first natural extension would 
be to assess whether universal old age pensions in other developing countries has pro
duced similar unintended effects on living arrangements and whether the impact of 
these pensions trickle down to children. Also, it would be interesting to assess the 
impact of the presence of grandparents on children's anthropometric measures in devel
oping countries where there are no universal pension programs. The impact of family 
dissolution on children's health would be another interesting avenue to explore. Finally, 
one could augment all these extensions by assessing the long-term on children's school 
performance. 
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Table 4.1: Summary statistics for the variable used in regressions for height-for-age 
z-scores 

Variable M e a n S.D 
Eligible Female 0.733 0.443 
Eligible Male 0.353 0.478 
Co-resident Eligible Female 0.479 0.5 
Co-resident Eligible Male 0.175 0.38 
Age 3.162 1.554 
Age Squared 12.409 10.246 
Gender 0.495 0.5 
Household size (Co-residents) 10.569 5.011 
Household size (All) 12.257 5.625 
Number of children ages < 6 2.507 1.498 
Sex ratio 1.491 1.075 
Father's Age 38.582 6.242 
Mother's Age 29.284 6.542 
Mother's Education 4.478 3.253 
Father's Education 4.742 4.385 
Number of children ages 6-14 3.033 2.062 
Number of children ages 15-24 2.805 1.998 
Num. of members ages 25-49 3.739 2.037 
Females ages 50-54 present 0.175 0.38 
Females ages 55-59 present 0.125 0.331 
Males ages 50-54 present 0.125 0.331 
Males ages 55-59 present 0.1 0.3 
Males ages 60-64 present 0.069 0.253 
Mean haz children 6-14 -0.395 0.573 
haz -0.745 2.125 
Obs 641 
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Table 4.2: 
z-scores 

Summary statistics for variables used in regression for weight-for-height 

Variable M e a n S.D 
Eligible Female 0.736 0.441 
Eligible Male 0.35 0.477 
Co-resident Eligible Female 0.482 0.5 
Co-resident Eligible Malt \ 0.172 0.377 
Age 3.16 1.554 
Age squared 12.398 10.225 
Gender 0.494 0.5 
Household size (Co-residents) 10.56 5.007 
Households size (All) 12.278 5.634 
Number of children < 6 2.514 1.501 
Sex ratio 1.494 1.08 
Father's Age 38.609 6.227 
Mother's Age 29.213 6.519 
Mother's Education 4.478 3.253 
Father's Education 4.742 4.385 
Number of children ages 6-14 3.022 2.049 
Number of children ages 15-24 2.819 1.998 
Number of children ages 25-49 3.733 2.038 
Females ages 50-54 0.17 0.376 
Females ages 55-59 0.127 0.333 
Males ages 50-54 0.122 0.328 
Males ages 55-59 0.102 0.303 
Males ages 60-64 0.067 0.25 
Mean whz children 6-14 0.195 0.541 
whz 0.662 1.708 
Obs 629 
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Table 4.3: The Impact Pension eligibility on Children Anthropometric Measures for all 
Households Structures 

All Girls Boys All Girls Boys 
whz whz whz haz haz haz 

Female Eligible 0.0932 0.2572 -0.0435 0.2559 0.0977 0.3070 
(0.1808) (0.2123) (0.2586) (0.2101) (0.2822) (0.2622) 

Male Eligible -0.2230 -0.2395 -0.1710 0.2820 0.1494 0.3578 
(0.1875) (0.2428) (0.2442) (0.1961) (0.2880) (0.2706) 

Age -0.0697 0.1697 -0.2655 -0.5812** -0.9484** -0.2634 
(0.2204) (0.3051) (0.3132) (0.2434) (0.3659) (0.3119) 

Age Squared 0.0034 -0.0296 0.0309 0.0737** 0.1203** 0.0350 
(0.0329) (0.0463) (0.0473) (0.0346) (0.0531) (0.0439) 

Gender -0.0378 
(0.1281) 

-0.2170 
(0.1598) 

Father's Age 0.0244* 0.0318 0.0196 -0.0282* -0.0413* -0.0215 
(0.0141) (0.0246) (0.0157) (0.0162) (0.0214) (0.0220) 

Mother's Age 0.0196 0.0037 0.0307 0.0445** 0.0850*** 0.0177 
(0.0159) (0.0220) (0.0218) (0.0181) (0.0248) (0.0263) 

Mother's Education 0.0384 0.0626* 0.0218 0.0335 0.0060 0.0389 
(0.0265) (0.0332) (0.0409) (0.0273) (0.0421) (0.0364) 

Father's Education 0.0009 -0.0058 0.0161 0.0322 0.0074 0.0548 
(0.0252) (0.0349) (0.0367) (0.0334) (0.0474) (0.0397) 

Cons -0.6965 -1.0412 -0.5166 -0.7852 -0.4013 -1.2712 
(0.7043) (1.0310) (0.8171) (0.8090) (1.0766) (1.0538) 

Obs. 629 318 311 641 324 317 
R-Squared 0.0266 0.0340 0.0328 0.0419 0.0837 0.0286 
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Table 4.4: The impact of Pension Eligibility on Anthropometric Measures in Extended 
Households 

All Girls Boys All Girls Boys 
whz whz whz haz haz haz 

Female Eligible 0.0625 0.5073** -0.3348 0.1830 0.0574 0.2527 
(0.1724) (0.2236) (0.2201) (0.1886) (0.2660) (0.2461) 

Male Eligible -0.0548 -0.1665 0.0476 0.3502 0.1713 0.5254* 
(0.2211) (0.2973) (0.2607) (0.2473) (0.4014) (0.2724) 

Age -0.1717 0.1757 -0.3485 -0.4939** -0.7042* -0.3628 
(0.2367) (0.3360) (0.3246) (0.2496) (0.3879) (0.3097) 

Age Squared 0.0208 -0.0289 0.0495 0.0568 0.0825 0.0435 
(0.0355) (0.0512) (0.0491) (0.0356) (0.0557) (0.0441) 

Gender -0.0663 
(0.1375) 

-0.2065 
(0.1703) 

Father's Age 0.0304* 0.0457 0.0258 -0.0073 -0.0136 -0.0081 
(0.0167) (0.0308) (0.0163) (0.0183) (0.0237) (0.0247) 

Mother's Age 0.0171 0.0025 0.0240 0.0448** 0.0778*** 0.0213 
(0.0171) (0.0232) (0.0225) (0.0192) (0.0252) (0.0280) 

Mother's Education 0.0425 0.0735** 0.0221 0.0315 0.0048 0.0447 
(0.0275) (0.0348) (0.0416) (0.0284) (0.0445) (0.0369) 

Father's Education 0.0058 0.0119 0.0082 0.0616 0.0549 0.0620 
(0.0279) (0.0440) (0.0401) (0.0391) (0.0655) (0.0425) 

Cons -0.8144 -1.8124 -0.3865 -1.6068 -1.6530 -1.5410 
(0.8110) (1.2931) (0.8448) (0.9126) (1.3383) (1.1270) 

Obs 563 279 284 572 283 289 
R-Squared 0.0278 0.0566 0.0402 0.0448 0.0806 0.0356 
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Table 4.5: The Impact Pension Eligibility on Anthropometric Measures of Children 
Born to Extended Households 

All Girls Boys All Girls Boys 
whz whz whz haz haz haz 

Female Eligible 0.0061 0.3882 -0.3661 0.2351 0.3450 0.0909 
(0.2038) (0.2599) (0.2815) (0.2205) (0.2966) (0.3190) 

Male Eligible 0.0598 -0.0880 0.1821 0.2576 0.1429 0.3514 
(0.2433) (0.3332) (0.2905) (0.2403) (0.4240) (0.2546) 

Age -0.1181 0.3298 -0.4223 -0.4658 -0.6768 -0.2777 
(0.3043) (0.3823) (0.4613) (0.3228) (0.4745) (0.4078) 

Age Squared 0.0151 -0.0438 0.0552 0.0512 0.0720 0.0357 
(0.0446) (0.0587) (0.0672) (0.0453) (0.0683) (0.0565) 

Gender -0.1123 
(0.1609) 

-0.1821 
(0.1923) 

Father's Age 0.0260 0.0352 0.0239 -0.0263 -0.0120 -0.0379 
(0.0204) (0.0361) (0.0206) (0.0215) (0.0273) (0.0270) 

Mother's Age 0.0175 0.0094 0.0181 0.0561** 0.0871*** 0.0329 
(0.0202) (0.0260) (0.0268) (0.0215) (0.0287) (0.0315) 

Mother's Education 0.0372 0.0711* 0.0166 0.0294 0.0030 0.0312 
(0.0333) (0.0410) (0.0533) (0.0336) (0.0507) (0.0436) 

Father's Education 0.0105 0.0194 0.0102 0.0319 0.0238 0.0384 
(0.0347) (0.0544) (0.0520) (0.0380) (0.0636) (0.0474) 

Cons -0.7599 -2.0133 0.0828 -1.2713 -2.1193 -0.7077 
(0.9913) (1.5259) (1.2073) (1.1528) (1.6572) (1.3884) 

Obs 426 215 211 433 218 215 
R-Squared 0.0252 0.0474 0.0405 0.0510 0.0965 0.0352 
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Table 4.6: The Impact Pension eligibility on Children Anthropometric Measures Born 
in Extended Households Structures 

All Girls Boys All Girls Boys 
whz whz whz haz haz haz 

Eligible Female 0.1189 0.3144 -0.0110 0.0223 0.1458 0.0313 
(0.2275) (0.2926) (0.3497) (0.2573) (0.3496) (0.4042) 

Eligible Male -0.0494 -0.0771 -0.1075 0.1684 -0.1003 0.3537 
(0.2563) (0.3677) (0.3115) (0.2355) (0.4094) (0.2818) 

Age -0.1732 0.2184 -0.4548 -0.4256 -0.6025 -0.1841 
(0.2926) (0.3742) (0.4510) (0.3412) (0.4972) (0.4145) 

Age Squared 0.0257 -0.0282 0.0616 0.0450 0.0592 0.0218 
(0.0427) (0.0561) (0.0659) (0.0485) (0.0714) (0.0586) 

Gender -0.1928 
(0.1712) 

-0.3012 
(0.1973) 

Mean whz Sibling 0.8416*** 
(0.1864) 

0.8096*** 
(0.2629) 

0.8507*** 
(0.2872) 

Mean haz Sibling 0.6291*** 
(0.2191) 

0.3740 
(0.3005) 

0.7754*** 
(0.2807) 

Sex Ratio -0.0752 -0.2050 0.2119 -0.0700 -0.0558 -0.1316 
(0.0890) (0.0972) (0.2476) (0.1213) (0.1448) (0.2362) 

Number of children< 5 -0.0584 -0.0799 -0.0286 -0.1300 -0.3296** 0.0146 
(0.0839) (0.1274) (0.1045) (0.1066) (0.1424) (0.1467) 

HH Size Residents -0.0407 -0.0581 -0.0419 0.0676 0.1621** 0.0205 
(0.0397) (0.0607) (0.0496) (0.0501) (0.0687) (0.0647) 

Father's Age 0.0284 0.0343 0.0197 -0.0329 -0.0222* -0.0533 
(0.0193) (0.0302) (0.0240) (0.0236) (0.0295) (0.0286) 

Mother's Age 0.0083 0.0057 0.0074 0.0597*** 0.0904 0.0446 
(0.0197) (0.0236) (0.0276) (0.0220) (0.0302) (0.0313) 

Mother's Education 0.0257 0.0541 0.0155 0.0296 0.0235 -0.0086 
(0.0321) (0.0420) (0.0535) (0.0349) (0.0511) (0.0488) 

Father's Education -0.0002 0.0136 -0.0224 0.0417 0.0121 0.0675 
(0.0306) (0.0499) (0.0495) (0.0362) (0.0527) (0.0489) 

Num of children 6-14 -0.0020 -0.0546 0.0381 0.0074 0.0047 -0.0264 
(0.0533) (0.0833) (0.0738) (0.0747) (0.0989) (0.0952) 

Num of children 15-24 0.0373 0.0075 0.0351 0.0402 0.0459 0.0728 
(0.0574) (0.0908) (0.0645) (0.0624) (0.1013) (0.0765) 

Hous. Member 25-49 0.0627 0.1040 0.0384 -0.0450 -0.1343 -0.0194 
(0.0642) (0.0682) (0.0994) (0.0680) (0.0841) (0.0984) 

Women Age 50-54 0.2455 0.3255 0.3340 0.1754 0.3959 -0.0816 
(0.3013) (0.4253) (0.3903) (0.3334) (0.4784) (0.4173) 

Women Age 55-59 -0.1682 -0.5769** 0.3189 -0.4345 -0.3193 -0.3797 
(0.2209) (0.2759) (0.3594) (0.2916) (0.3967) (0.4687) 

Men Age 50-54 0.3232 0.1524 0.4419 -0.4899 -1.3159** 0.7473 
(0.3017) (0.4042) (0.5295) (0.4700) (0.6099) (0.6659) 

Men age 55-59 0.0820 0.1521 0.0139 -0.0724 -0.3773 0.0715 
(0.3279) (0.3700) (0.5719) (0.3127) (0.4441) (0.4121) 

Men Age 60-64 0.2147 0.6726 -0.1117 -0.4565 -1.0483 -0.0456 
(0.4131) (0.8162) (0.3832) (0.3970) (0.5450) (0.6507) 

Cons -0.2613 -0.8151 0.2725 -0.8983 -1.7201* -0.3965 
(0.9599) (1.4925) (1.2609) (1.1877) (1.7346) (1.2788) 

Obs 426 215 211 433 218 215 
R-Squared 0.1229 0.1776 0.1410 0.1063 0.1946 0.1273 
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Table 4.7: The Impact Pension eligibility on Children Anthropometric Measures Present 
in Extended Households Structures 

All 
whz 

Girls 
whz 

Boys 
whz 

All 
haz 

Girls 
haz 

Obs 
R-Squared 

563 
0.1138 

279 
0.1590 

284 
0.1231 

572 
0.1002 

283 
0.1592 

Boys 
haz 

Eligible Female 0.0962 0.4134* -0.2264 0.1499 0.0149 0.3478 
(0.2121) (0.2474) (0.2920) (0.2088) (0.2804) (0.3147) 

Eligible Male -0.1658 -0.2669 -0.1624 0.3384 0.2051 0.4778* 
(0.2276) (0.3146) (0.2685) (0.2476) (0.3924) (0.2849) 

Age -0.1655 0.1168 -0.2983 -0.5575** -0.8451** -0.3575 
(0.2238) (0.3046) (0.3160) (0.2672) (0.4075) (0.3203) 

Age Squared 0.0213 -0.0220 0.0454 0.0664* 0.1017* 0.0435 
(0.0334) (0.0457) (0.0480) (0.0385) (0.0592) (0.0465) 

Gender -0.0882 
(0.1452) 

-0.2629 
(0.1775) 

Mean whz Sibling 0.8504*** 
(0.1555) 

0.7878*** 
(0.1960) 

0.8846*** 
(0.2584) 

Mean Haz Sibling 0.6635*** 0.4171 0.8662** 
(0.2076) (0.2651) (0.2698) 

Sex Ratio -0.0127 -0.0583 0.0202 -0.0282 -0.0159 -0.0296 
(0.0636) (0.0816) (0.1715) (0.0834) (0.1020) (0.1402) 

Number of children < 5 -0.0070 -0.0135 0.0292 -0.1777* -0.2640** -0.1305 
(0.0795) (0.1113) (0.0961) (0.0969) (0.1339) (0.1367) 

HH Size Residents -0.0354 -0.0375 -0.0525 0.0686 0.0824 0.0815 
(0.0361) (0.0546) (0.0437) (0.0476) (0.0665) (0.0653) 

Father's Age 0.0304* 0.0430 0.0267 -0.0114 -0.0135 -0.0181 
(0.0159) (0.0266) (0.0185) (0.0187) (0.0239) (0.0250) 

Mother's Age 0.0110 0.0032 0.0158 0.0532** 0.0823*** 0.0368 
(0.0171) (0.0219) (0.0236) (0.0193) (0.0259) (0.0273) 

Mother's Education 0.0341 0.0591 0.0202 0.0309 0.0144 0.0216 
(0.0279) (0.0365) (0.0443) (0.0289) (0.0446) (0.0416) 

Father's Education -0.0055 0.0032 -0.0151 0.0804** 0.0763 ( J.0902** 
(0.0258) (0.0401) (0.0405) (0.0373) (0.0654) (0.0448) 

Num of children 6-14 -0.0140 -0.0456 0.0340 0.0713 0.1258 0.0031 
(0.0505) (0.0700) (0.0640) (0.0704) (0.0975) (0.0867) 

Num of children 15-24 0.0167 -0.0390 0.0556 0.0797 0.1275 0.0329 
(0.0499) (0.0782) (0.0598) (0.0614) (0.0899) (0.0735) 

Hous. Member 25-49 0.0562 0.0726 0.0618 -0.0740 -0.1133 -0.0731 
(0.0542) (0.0602) (0.0781) (0.0596) (0.0795) (0.0826) 

Women Age 50-54 0.1703 0.2018 0.1337 0.1210 0.4272 -0.1269 
(0.2316) (0.3310) (0.3071) (0.2726) (0.3769) (0.3506) 

Women Age 55-59 -0.1986 -0.5315** 0.1518 -0.1183 -0.1797 0.0127 
(0.1886) (0.2437) (0.2809) (0.2776) (0.3229) (0.4483) 

Men Age 50-54 0.1359 0.0411 0.1952 0.0509 -0.5621 0.6815 
(0.2220) (0.3053) (0.3406) (0.3410) (0.4964) (0.4643) 

Men Age 55-59 -0.0086 -0.0910 0.0071 -0.1018 -0.1149 -0.1963 
(0.2669) (0.2981) (0.4279) (0.2724) (0.3696) (0.3501) 

Men Age 60-64 0.0594 0.3013 -0.3081 -0.4308 -0.7971* -0.0432 
(0.3613) (0.6221) (0.3591) (0.3704) (0.4659) (0.6795) 

Cons -0.5054 -1.0711 -0.3841 -1.8294** -1.9046 -1.8609* 
(0.8208) (1.2284) (0.8972) (0.9078) (1.4123) (1.0073) 

289 
0.1181 
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Table 4.8: The Impact Pension Eligibility on Anthropometric Measures of Children not 
Born to Extended Households 

All Girls Boys All Girls Boys 
whz whz whz haz haz haz 

Female Eligible 0.5824 1.6376* -0.2327 0.1145 -1.2331 1.0066** 
(0.5279) (0.8506) (0.5150) (0.5298) (0.8023) (0.5089) 

Male Eligible -0.7059 -0.5045 -0.9491 1.2668 0.3831 1.8723* 
(0.6260) (0.5821) (0.7473) (0.9872) (1.0161) (1.1170) 

Age -0.1611 -0.0529 -0.3033 -0.8183** -1.3068** -0.5231 
(0.3553) (0.7040) (0.4817) (0.4002) (0.5468) (0.5273) 

Age Squared 0.0065 -0.0220 0.0687 0.1303** 0.2076** 0.0449 
(0.0602) (0.1122) (0.0887) (0.0659) (0.0838) (0.0860) 

Gender 0.0504 
(0.2897) 

-0.2769 
(0.3617) 

Father's Age 0.0349 0.0841 0.0174 0.0500* -0.0170 0.0660* 
(0.0277) (0.0673) (0.0272) (0.0268) (0.0508) (0.0276) 

Mother's Age 0.0431 -0.0292 0.0642* -0.0328 0.0474 -0.0471 
(0.0341) (0.0446) (0.0354) (0.0376) (0.0470) (0.0486) 

Mother's Education 0.0561 0.0804 0.0596 0.0546 -0.0154 0.0737 
(0.0401) (0.0781) (0.0565) (0.0492) (0.0720) (0.0707) 

Father's Education 0.0008 -0.0019 0.0175 0.1439 0.1759 0.0993 
(0.0452) (0.0783) (0.0701) (0.0839) (0.1314) (0.0836) 

Cons -1.8329 -1.6074 -2.0460 -0.9726 0.2671 -1.6274 
(1.6181) (3.3339) (1.4718) (1.4263) (2.6716) (1.7892) 

Obs 137 64 73 139 65 74 
R-Squared 0.0965 0.2577 0.1047 0.1262 0.2264 0.1940 



Chapter 5 

Conclusion 

This thesis provides an investigation of the mechanisms through which peer effects in 
social networks (friends and family) flow. A higher understanding of these pathways 
provides insights that allows policy makers to exploit social multiplier adequately and 
provide an improved and efficient policy intervention. While pursuing this objective I 
focused on three questions: 

1. Are peer effects in obesity mediated by the presence of peer effects in eating 
habits? 

2. Are peer effects in health outcomes mediated by the presence of peer effects in 
physical activity? 

3. In the presence of a change in a social network, can the estimated average treat
ment effect on the treated be mediated while conditioning on a post treatment 
variable? 

The first question can be viewed as the cornerstone of my interest in the trans
mission mechanisms of peer effects in adolescents' behaviour. While the presence of 
peer effects in obesity provides a valuable information, it does not give grounds for 
non-discriminatory counter-obesity policy intervention. However, if one can identify 
a behavioural channel (e.g., eating habits) through which these effects flow, then one 
can use the social multiplier to reduce the spread of obesity. In the second chapter, I 
investigate whether the presence of peer effects in adolescent weight gain is mediated 
by the presence of peer effects in fast food consumption. I first study the presence 
of endogenous peer effects in fast food consumption. New methods based on spatial 
econometric analysis are used to identify and estimate this model, under the assump
tion that individuals interact through a friendship social network. Our results indicate 
that an increase in his friends' mean fast food consumption induces an adolescent to 
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increase his own fast food consumption. This peer effect amplifies through a social 
multiplier the impact of any exogenous shock on fast food consumption. Our estimated 
social multiplier is 1.59. In addition to assessing the presence of peer effects in fast food 
consumption, I relate fast food consumption on adolescent's body mass index through 
a dynamic production function. The results indicate that fast food consumption has a 
positive impact on weight gain. Specifically, a one-unit increase in the weekly frequency 
(in days) of fast food consumption produces an increase in BMI by 1.5% within a year. 
This effect reaches 2.4% when the social multiplier is taken into account. All this is 
consistent with the hypothesis that if there are peer effects in obesity a large part of 
them flow through eating habits. Therefore, the presence of a social multiplier coupled 
with reduction of the relative price of fast food and increasing availability of fast food 
restaurants over time could exacerbate the prevalence of obesity in the years to come. 

I address the second question in the third chapter where I focus on the transmis
sion mechanism through which peer effects in health outcomes can flow. I first assess 
the presence of endogenous peer effects in physical activity. The methods I use in this 
chapter are inspired from the ones I used in the previous chapter. Results from the peer 
effect model are consistent with the presence of a social multiplier in physical activity 
of 1.12. A friend's mean exercising frequency increases an adolescent's exercising fre
quency. This suggests that an individual's lifestyle is affected by his peer's lifestyle. To 
assess the impact of physical activity on health outcome, I estimate a health production 
function. The results show that exercising has a positive significant impact on health of 
0.09 (i.e., 4 %). This impact increases to 0.10 (i.e., 5 %) in the short run and 0.13 (i.e., 
6%) in the long-run once I account for the social multiplier. With the increase in the 
availability of equipments that encourage sedentary lifestyles (e.g., video games, social 
networking on computers), the presence of the social multiplier might exacerbate the 
impact of an exogenous shock on adolescents' exercising habits and consequently their 
health as adults. This in turn, increases the incidence of chronic disease imposing high 
health care costs as well as economic costs (decrease in productivity). 

One might be left with the impression that the social multiplier can only be at
tributed to "bad" outcomes yet, this is not true. If adequately identified, the social 
multiplier can contribute to the decline of the spread of the epidemics overviewed ear
lier and decrease health care costs. This will be the case as long as it is exploited 
by policy makers through tax and subsidy reforms encouraging healthy habits among 
adolescents. 

Last but not least, I answer the third question in chapter four where social network is 
defined as household composition rather than friends. This definition is a little different 
from the one I used in the previous chapters but still conveys the same idea: the impor
tance of the role of transmission mechanisms in social networks. Living arrangements 
are variable to a certain extent (e.g., marriage, extended living arrangements) yet, in 
the presence of financial incentives, additional changes might occur. For instance, an 
exogenous shock on one's income may produce an impact on a person who is indirectly 
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related to him, or through a change in the composition of the network. In this case, 
the shock may produce its effects directly or indirectly or even through a combination 
of both events. I assess the extent to which such indirect effects are likely to occur 
in the context of a developing country: South Africa. I exploit the unique nature of 
their old age pension quasi-natural experiment and its well established impacts on chil
dren's heath and household composition. If the change in household composition is an 
important channel through which income can produce its impacts on children health 
outcomes then such programs can be more effective if coupled with intervention that 
facilitate changes in living arrangements. Results suggest that the pension effect that 
was found previously was entirely due to changes in household composition. Such an 
effect is consistent with elderly pairing up with children of better health status under 
the program. This in turn suggests that pension cash transfers impacts are not due 
to a trickle down to children effect but rather selection bias. It also cautions against 
conditioning on post-treatment variables that are themselves affected by the assessed 
treatment. 

-Extensions 

There are many possible extensions to the work that was done in this thesis. One 
possible extension would be to allow for endogenous peer effects to vary by gender. 
Consequently, it would be useful to develop a general approach that would allow same 
sex and opposite sex peer effects to be different for both males and females. Also, 
it would be interesting to take the two step link formation approach a step further. 
Therefore, finding instrumental variables that directly affect the formation of social 
networks but does not affect the outcomes of interest would be valued. To my knowledge 
no work has been done in this direction yet. 
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