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Institut des Systèmes Complexes Rhône-Alpes(IXXI),and Laboratoire de Physique,
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Abstract. We use 3 Waves of the Add Health data collected between
1994 and 2002 to conduct a longitudinal study of the relationship between social marginalization and the weight status of adolescents and
young adults. Past studies have shown that overweight and obese children are socially marginalized. This research tests (1) if this is true when
we account for the sample size of each group, (2) does this phenomenon
hold over time and (3) is it obesity or social marginalization that precedes
in time. Our results show that when the sample size for each group is
considered, the share of friendship is conforming to the size of the group.
This conformity seems to increase over time as the population becomes
more obese. Finally, we find that obesity precedes social marginalization
which lends credence to the notion that obesity causes social marginalization and not vice versa.
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Introduction

Obesity has become a global epidemic. According to the World Health Organization (WHO), there are one billion overweight adults and at least 300 million
of them are obese. The national health care cost projections show that by 2018,
21% of the health care spending will be on weight related medical bills, costing
the nation $344 billion [12]. Studies have shown a positive relationship between
childhood weight and adult weight, diseases, and mortality [5]. In the last three
decades, the prevalence of obesity has at least tripled among children in the US,
which has become a major public health concern.
The forces driving the obesity epidemic are multiple and complex. A complicated interplay of behavioral, environmental, social and economic factors is
associated with weight gain. For example, social marginalization and peer rejection tend to increase sedentary behavior, reduce active leisure activities and
encourage eating out of boredom. Adolescents and young adults often form peer

2

A. Apolloni, A. Marathe, and Z. Pan

groups around shared behaviors such as watching TV, eating out, playing sports
or video games etc. which often has either a direct or indirect eﬀect on the
weight status [13]. This homophily in behavior is likely to result in homophily in
terms of the weight status. At the same time, researchers have shown that obese
people form clusters with other obese people and this homophily in BMI (Body
Mass Index) can cause homophily in behavior [3, 4, 7]. This clearly implies that
the relationship between BMI, the behavior that leads to high BMI and social
marginalization is complex and intertwined.
Previous studies have shown that overweight children and adolescents are
often not favored in their social networks resulting in their social marginalization [11]. In this research, social marginalization is measured by the number of
friendship links an individual has. These links are split by the BMI status and
adjusted for the sample size in each category to account for the fact that fewer
friendship links with overweight and obese may occur because there are less
of them in the data. We also consider the role of race and gender in assessing
individuals’ tolerance of the friends’ weight status [10, 2].
This research uses longitudinal data on friendship network from the National
Longitudinal Study of Adolescents Health (Add Health). It compares the average
number of friends a group (identified by race, gender and BMI) has to the sample
size of the group to capture the bias in friendship links. This comparison is
performed on individuals that are present across the 3 Waves to get a longitudinal
view of the bias. The friendship data and BMI status for the 3 Waves is further
used to extricate the causality relationship between social marginalization and
obesity. The aim is to determine if social marginalization causes obesity or if
obesity causes social marginalization among adolescents and young adults.

2

Data Description

Information about individual weight status and friendship network is obtained
from the Add Health data [9]. This national longitudinal survey on adolescents
started in 1994-95 and followed the same cohort from adolescence into young
adulthood. Wave I and II data were collected in 1994-1996 and Wave III data
were collected in 2001-2002. This study uses longitudinal data on 20,502 survey
respondents who were present in all 3 Waves.
The survey collects data on respondents’ physical, educational, and economical status, together with their friendship network. In each Wave, each respondent
was asked to nominate 5 male and 5 female friends. Each nomination creates a
directional link in the friendship network between the ego and the nominated
person.
In this study, any two individuals are called “friends” when each individual
nominates the other as his/her friend. This mutual-nomination measure of friendship diﬀers from other notable research on this topic where friends are measured
as the number of friendship nominations or the in-degree measure [11]. The reason for choosing mutual friends as the measure, as opposed to in-degree, is that
studies have found that adolescents nominated by overweight and obese individ-
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uals as friends are less likely to reciprocate the nomination as compared to the
friends of the normal weight adolescents. Out-degree measures the self-reported
friendship ties which is known to provide inaccurate number of friends [1]. This
means both in-degree and out-degree can provide a biased view of the friendships since reciprocity is often missing among the friends of the obese individuals.
Therefore we resort to bi-directional nominations to get a more realistic view of
the friends.

3
3.1

Methodology
Weight Assessement

We use Body Mass Index (BMI) as the indicator of an individual’s weight status.
BMI (in kg/m2 ) is defined as the weight in kilograms divided by the square of
height in meters. We categorize an individual’s BMI status into 4 classes i.e. 1
= underweight (BMI < 18.5); 2 = normal (18.5 ≤ BMI ≤ 24.9); 3 = overweight
(25 ≤ BMI ≤ 29.9); and 4 = obese (BMI ≥ 30) [6].

(a) BMI status

(b) Friendship by BMI status

Fig. 1. Distribution of BMI status and friendships for Wave I, II, and III

Figure 1 shows the distribution of BMI status and friendships by BMI status
for all 3 Waves. The comparison between Figure 1(a) and Figure 1(b) reveals
the following findings. First, the normal weight people make the most friends
in all 3 Waves. They are also the biggest group in all 3 Waves. Their share of
friends is higher than the percentage of their BMI group, which suggests that
they are indeed popular, although this diﬀerence declines over time. Second,
underweight group has the most conforming share of friends since Figure 1(a)
and Figure 1(b) have almost the same fractions for this group. In other words,
they are neither favored nor discriminated against in the social networks. Third,
overweight and obese individuals have less friends than the percentage of their
sample. However, note that in Wave III, as there are more overweight individuals
in the population, they also make more friends and the share of friends is roughly
equal to the percentage of the group. This shows that social marginalization of

4

A. Apolloni, A. Marathe, and Z. Pan

the overweight adolescents decreases as the percentage of overweight population
increases.1
3.2

The Friendship Matrix

Next, we build a friendship matrix deduced from the mutual friendship nominations as given in the Add Health data. In this matrix, each row shows the
distribution of friends across various classes for the row index, where the index
represents a group.
For example, suppose we have a row for the under1
2
3
4
weight group and this group makes 100 friends total.
1 0.25 0.50 0.15 0.10
Then the numbers in the row imply that 25 of these
friends are underweight, or of BMI status 1; 50 are of normal weight; 15 are
overweight; and 10 are obese.
To further understand how each BMI status class performs given its sample
size in the Add Health population, we take the friendship data and split it by
race, gender and BMI status. We use a 3-digit system to categorize individuals.
The first of the 3-digits shows the race of the individual which ranges from 1 to
5: 1 = White; 2 = Black; 3 = Asian; 4 = Native; 5 = Other. The second digit
shows the gender and takes value 1 for male and 2 for female. The third digit
is the person’s BMI status which ranges from 1 to 4 as mentioned earlier: 1 =
Underweight; 2 = Normal; 3 = Overweight; 4 = Obese. For instance, a category
of 314 refers to the group of obese Asian boys, and 422 refers to the group of
normal weight Native girls.
A complete friendship matrix has 40 rows and 40 columns for each of the
40 race-gender-weight categories, which is very hard to read. Therefore, to summarize the popularity of a race-gender-weight group, we use the average of each
column. For instance, the following friendship matrix of 3 categories shows that
the normal weight white boys (112) are the most popular with an average percentage of friends of 0.667 and the overweight white boys (113) are the least
popular with the column average of 0.15. In the middle, the average percentage
of friends made with underweight white boys (111) is 0.183.
However, this friendship matrix can provide a bi111 112 113
ased view if we do not account for the size of each
111 0.35 0.60 0.05
group in the population. In order to understand this
112 0.15 0.75 0.10
relationship better, we calculate the distribution of
113 0.05 0.65 0.30
race-gender-weight categories as a reference. If there
is no discrimination, then the average share of friend111 112 113
ship of each category should be equal to the distribuavg 0.183 0.667 0.15
tion of that category. For instance, assume that in the distri 0.20 0.60 0.20
example shown above, there are 20% boys in category
1

Note that Wave I and II data are not too diﬀerent, since the data for the first two
Waves were collected in quick succession (i.e. between 1994-1996) which probably
did not allow enough time for variables such as BMI and number of friends to change
significantly.
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111, 60% in category 112, and 20% in category 113, then we see that both underweight and overweight white boys are not favored as friends (i.e., avg < distri),
the overweight boys, even more so.
Figures 2 and 3 show the average share of friends and the size of the group
in each category split by race, gender and BMI for Waves I and III. Since Wave
I and II plots are very similar, we only show the plot for Wave I here.

Distribution  of  friendship:  Wave  I
0.25

3-‐digit category  on  x-‐axis
avg

distri

First  digit -‐ race:
1  -‐ White;  2  -‐ Black;  3  -‐ Asian;
4  -‐ Native  American.

Percentage

0.2

0.15

Second  digit  -‐ gender:
1  -‐ Male;  2  -‐ Female.

0.1

0.05

424

423

422

421

414

413

412

411

322

321

314

313

312

311

224

223

222

221

214

213

212

211

124

123

122

121

114

113

112

111

0

Third  digit  -‐ BMI  status:
1  -‐ Underweight;  
2  -‐ Normal  weight;  
3  -‐ Overweight;
4  -‐ Obese.

Category

Fig. 2. Distribution versus average percentage of friends by each category split by race,
gender and BMI status for Wave I

The plots show that (1) the fraction of Asians and Native Americans is small
among the Add Health respondents, which causes low to zero friendship share
in some cases. (2) In Wave I, Native Americans have a higher average number of
friends than the distribution. But in Wave III, this diﬀerence drops. (3) In Wave
I and III, almost all Whites’ averages are less than the distribution which means
they were not favored as friends. (4) In Wave III, all categories of Black except
obese (i.e. 214 and 224) are slightly favored as friends. (5) The worst performer
in terms of the number of friends is the white obese male category in Wave III
where the average number of friends is only one third of the distribution. The
obese group does fairly well in other categories in Wave III. This highlights the
social stigma attached to the higher weight status among whites compared to
other races.
Overall, these results show that whites are the least popular as friends among
all the races. White obese males face the highest risk of social marginalization
among all the categories. Native females of normal weight seem to be very popular as friends. These results give us insight on how the race, gender and BMI
status are associated with the number of friends a person has. However, it is still
not clear as to whether the lack of friends is causing the person to be overweight
or it is the overweight that causes the person to not be able to make friends. We
discuss this issue in the next section.
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Fig. 3. Distribution versus average percentage of friends by each category split by race,
gender and BMI status for Wave III

3.3

Causal Relationship

In this research, we test for the direction of causality to see whether social isolation causes obesity or obesity causes social marginalization, using the causality
concept developed by Granger [8]. According to Granger, variable x causes variable y if past values of x contain information that helps explain the future values
of y above and beyond the information contained in the past values of y alone.
For instance, suppose we have
yt = a1 yt−1 + a2 yt−2 + . . . + b1 xt−1 + b2 xt−2 + . . . + ut .
Then x Granger causes y if bi �= 0, i.e., at least one coeﬃcient of x is significantly
diﬀerent from zero. Another way to check whether x helps predict the future
values of y is by testing if the variance of the residuals ut drops when lagged
values of x are included. For example when
yt = a1 + yt−1 + a2 yt−2 + . . . + vt .
If x Granger causes y, variance of (ut ) ≤ variance of (vt ) since adding x in the
regression increases the explanatory power and reduces the residuals.
The concept of Granger causality is particularly relevant here because it
accounts for the timing of the events i.e. x causes y if changes in x precede
changes in y. We measure social isolation or marginalization by the number of
friends a person has and, obesity by the BMI status. The following model (as
well as its counter model where BMI and friends were swapped) was estimated:
F riends3 = c + a1 F riends1 + a2 F riends2 + b1 BM I1 + b2 BM I2 + ut ,
F riends3 = c + a1 F riends1 + a2 F riends2 + vt ,

(1)
(2)

where F riendsx is the number of friends in Wave x, and BM Ix is the BMI
status in Wave x.
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The results are as follows:
F riends3 = 1.45 − 0.25F riends1 + 0.24F riends2 − 0.22BM I1 − 0.06BM I2 + uˆt ,
(3)
F riends3 = 0.82 − 0.24F riends1 + 0.25F riends2 + vˆt
(4)
The t-values of the estimated coeﬃcients show that all coeﬃcients in both
equations are statistically significant at 5% level or less. The variance of (uˆt ) <
variance of (vˆt ). The coeﬃcients of the lagged values of BMI show that the BMI
status in Waves I and II negatively impacts the number of friends in Wave III
in a statistically significant way. The observation that obesity precedes social
marginalization lends credence to the notion that obesity causes social isolation
rather than the other way around. We also tested the counter model where
the BMI status and the friends were swapped in the above model to see if the
lagged number of friends caused the future BMI status to change. The estimated
coeﬃcients were not statistically significant. The results are available from the
authors upon request.
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Summary and Conclusions

To address the relationship between weight and social marginalization, we first
examine whether overweight and obese adolescents are discriminated in the
friendship network. We stress that when discussing this issue, we need to account for the sample size of each category in the population, and consider if the
seemingly lower popularity is simply representative of a smaller sample size. Using mutual nomination links as friends, over an 8-year period data from Wave I,
II, and III, we conclude that overweight and obese adolescents and young adults
have fewer friends, even after adjusting for their sample size. However, note that
in Wave III, as the entire population is moving towards higher weight status,
the overweight individuals’ share of friends is roughly equal to the percentage of
the group.
We further study the issue with divided race and gender groups and find
distinctive patterns across diﬀerent races. The most noticeable findings are the
high popularity of Native American individuals of all BMI status, and low popularity of white obese individuals. This result highlights the cultural diﬀerences
in the stigma associated with being overweight.
Most significantly, our results support the view that obesity causes social
marginalization and not vice versa. This is an important finding for policy makers and planners who are looking for ways to reduce social marginalization of
children. This research makes it clear that obesity not only has health consequences but also impacts the behavioral and social processes which are critical
to the overall growth and development of children.
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