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Abstract

In my thesis | examine homophily in Hungarian schools. | use a dataset of friendship
networks of students in eighth grade. | find positive inbreeding homophily for both Roma
and non-Roma students. Estimating a linear probability model shows that ethnicity, gender
and parental education are strong determinants of friendship formation. I construct a micro-
level model of friendship formation based on the model by Mayer and Puller (2008). I find
that same-ethnicity preferences are responsible for part of the bias in friend composition.
Using the calibrated model | conduct a counterfactual experiment of classroom
desegregation. I find that this would lead to a reduction in the same-ethnicity bias of friend

composition.

My thesis has four sections. Section 1 gives an introduction, presents the relevant literature
and the background of my topic. Section 2 describes the data. Section 3 shows the methods

of analysis and the results. Section 4 concludes.

Keywords: social networks, racial homophily, Roma, Hungary
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1. Introduction

The reader may well know the Latin phrase “Similis simili gaudet.” or the English saying
“Birds of a feather flock together.” Both express the notion that people like the company of
similar individuals. This phenomenon has been studied in the social sciences, and it is usually
referred to as homophily. Homophily may exist along many dimensions, but my thesis
focuses on racial homophily. Racial homophily is present when individuals prefer the
company of individuals of the same race or ethnicity. My research question is the following:
Do same-ethnicity preferences explain ethnic homophily in the social networks of Hungarian
students? | answer this question by analyzing the data and using a model of friendship
formation. Before this, | present the relevant literature of analyzing social networks and

modeling homophily in the following paragraphs.

Baerveldt et al. (2004) studied school segregation in the Netherlands. Their data comprised
friendship links and supporting interactions reported by the students. They differentiated
four ethnicities based on parents’ ethnicities: Dutch, Turkish, Moroccan and Surinamese.
They found evidence of ethnic boundaries. Students of all four ethnicities would interact the
most with students of the same ethnicity. But Surinamese students were also likely to interact
with Dutch students, which can be explained by cultural or linguistic proximity (Suriname

used to be a Dutch colony).

Foster (2005) examined the behavior of undergraduate students. Originally students were
randomly assigned to housing. Later it was observed how they sorted into residences and
what friendship links they formed. Foster’s analysis shows that the original campus location,

high school SAT scores and ethnicity are the main determinants of friendship formation.
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Currarini et al. (2009) proposed a formal model of homophily. Their model is based on
microeconomic optimization by the agents. Agents may choose how long they take part in
the process of looking for friends, and they have utility functions based on the composition
of their friends (same vs. different type). Their model generates homophily if there is type-
sensitivity of preferences and bias in the matching process. In Currarini et al. (2010), they
used this model to analyze friendship patterns in US high schools. They found strong ethnic
biases in the matching process for Asians and Blacks. Also, Blacks and Hispanics had the

strongest bias in preferences.

With the advent of social media, such as Facebook.com, researchers gained access to
information about friendship networks that had not been possible before. The following three
papers all used data from Facebook.com to study friendship formation. Lewis et al. (2008)
analyzed Facebook data of students from a college in the USA. They found that all minorities
(Black, Hispanic, Asian) had more heterogeneous networks than Whites. They also found
evidence of homophily along tastes in music, movies and books. In a follow-up to the
previous study, Wimmer and Lewis (2010) used exponential random graph modeling to
analyze the data further. They found evidence of homophily along race, ethnicity and finer

microethnic subgroups as well.

The third study using Facebook data is the one by Mayer and Puller (2008). They used data
from ten colleges in Texas. They used a linear probability model to find that race,
socioeconomic background, gender and hobbies are significant determinants of friendship
links. Then they used administrative data from Texas A&M to complement the Facebook
data. They created a formal model of friendship formation where individuals meet randomly,

then meet friends of friends, and conditional on meeting becoming friends is driven by a
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utility function based on racial and socioeconomic similarity. They calibrated this model to
match the moments of the real data. The calibrated model shows that preferences play a

major role in producing homophily in the networks.

Hajdu et al. (2015) studied the friendship networks of Roma students in Hungary. They
found that Roma students who were high achievers had significantly more non-Roma friends

and the same number of Roma friends, compared to Roma students who were low achievers.

The literature that | presented all support the existence of racial homophily. There are
multiple different modeling approaches, but in my opinion the most promising is the use of

big data from social media platforms (e.g. Facebook.com).



2. Data

The data that | examine was previously used by Hajdu et al. (2015). I got the data and
permission to use it from the authors. The dataset contains information about 3681
Hungarian students enrolled in 8th grade. The data was collected in April 2010. They

surveyed 88 elementary schools, but they excluded schools from Budapest.

The dataset contains information about students’ friendship links and background
characteristics. Each student could nominate five male and five female friends. This allows

me to reconstruct the friendship network within each class. There are 208 classes in total.

Please see Table 1 for class-level descriptive statistics. It can be seen that there is variation
in class size and ethnic composition among the classes. | will use this variation in ethnic

composition to analyze homophily.

Table 1: Class-level statistics

mean | SD min | max

class size 17.88 | 531 |2 29

Roma (%) |24.44 (24110 |1

female (%) | 46.63 | 14.09 | 0 | 77.27




| present some student-level descriptive statistics in Table 2. These statistics are based on
the survey responses of the individual students. All variables apart from age and GPA are
dummy variables. The mean age is 14.75 years. The typical age of 8th grade students in
Hungary is 14-15 years. The relatively big standard deviation is caused by students who
failed and had to repeat grades. GPA is the average off all subjects taken. Having more than
150 books at home is meant to proxy family background and education. The variables for
college education of parents has a similar purpose. It is striking that 84% of the students
surveyed had no parent with college education. The last variable is a dummy which is one if
the student comes from a neighborhood where “most people are well-off” or “most people

are rich.”

Table 2: Student-level statistics

mean SD
Roma 0.2174 | 0.4126
female 0.4766 | 0.4995
age 14.7519 | 0.6362
GPA 3.5886 | 0.8971
having 150+ books at home 0.3328 | 0.4713

neither parent has college education | 0.8390 | 0.3676

one parent has college education 0.1094 | 0.3121

both parents have college education | 0.0516 | 0.2212

well-off neighborhood 0.2207 | 0.4148
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3. Analysis and results

In this section | present three methods of analysis and their results: the inbreeding homophily
index, linear probability models of friendship, and a micro-level model of friendship

formation.
3.1. Homophily and inbreeding homophily

It is important to quantify the extent of homophily in these networks. | use the homophily
index and the inbreeding homophily index as defined by Coleman (1958). Suppose that the
group being examined consists of disjoint subgroups. In my case the group is a class, and
the subgroups are the Roma and non-Roma students in that given class. Let subgroups be

indexed by i. Then the homophily index of subgroup i is

S

H, =
: Si+di

where s; is average number of friends from the same subgroup and d; is the average number
of friends from different subgroups. However, the homophily index may give a misleading
picture because it does not take into account the population share of subgroup i. Let the

population share be denoted by wi. Then the inbreeding homophily index of subgroup i is

Hi_Wi
IHl'=
1_Wi

Here a positive value shows that individuals have more in-group friends than what would be

expected based on the subgroup’s size in the population.

| calculated the inbreeding homophily index of both subgroups in the whole sample:

(] IHRoma = 03123
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e |Hnon-roma = 0.3987

There is positive inbreeding homophily in both subgroups. Inbreeding homophily is
somewhat higher for the non-Roma subgroup. Potential explanations of this are given in the

next subsection.
3.2. Linear probability model

In order to investigate the potential causes of homophily, | estimate two linear probability
models following Mayer and Puller (2008). The sample includes every possible pair of
students within every classroom. This gives an effective sample size of 34,323. The
dependent variable is 1 if the two students are friends in the dataset, and it is O otherwise. |
used MATLAB to estimate two linear probability models with bootstrap standard errors.
Students were resampled only within their own class, and there were 500 repetitions. The

results are summarized in Table 3.

Column 1 contains the linear probability model where | control for various measures of
similarity between two students. “both Roma” and “Roma and non-Roma” control for the
ethnicity of the students. The omitted category is “both non-Roma”. “same town” indicates
that both students have the same town as their permanent address. | included this variable
for the following reason: if students commute from multiple smaller towns to the same
school in a bigger town, it might be that they are friends because they knew each other earlier
or they commute together. The variables “collegeXY” indicate that one of the students has

X parents with college education and the other student has Y parents with college education.

The omitted category is “college00”, i.e. both students have no college educated parents.



Table 3: Linear probability models

1) )
friendship beta SE beta SE
constant 0.4996 *** 0.0079 0.1309 *** 0.0072
common friends 0.0812 *** 0.0007
both Roma 0.1238 *** (0.0100 0.1367 *** 0.0092
Roma and non-Roma -0.0818 *** 0.0066 -0.0331 *** 0.0055
same gender 0.0943 *** 0.0055 0.1031 *** 0.0044
same town 0.0296 ***  0.0057 0.0061 0.0057
age difference in months -0.0030 *** 0.0004 -0.0002 0.0004
GPA difference in points -0.0881 *** 0.0036 -0.0572 *** 0.0033
both having 150+ books 0.0336 *** 0.0082 0.0092 0.0071
college22 0.0814 ** | 0.0362 0.0476 0.0339
collegell 0.0766 *** 0.0204 0.0273 0.0171
college21 0.0110 0.0201 -0.0256 0.0183
college20 -0.0248 **  0.0099 -0.0324 *** (0.0085
collegel0 0.0024 0.0070 -0.0060 0.0062
both from well-off neighborhood = 0.0414 *** 0.0114 0.0105 0.0105
N 34,323 34,323
R"2 0.0482 0.2579

The omitted categories are "both non-Roma™ and "college00".
Standard errors are bootstrap standard errors (B=500).
***: p<0.01
**: p<0.05
*: p<0.10

Before | analyze the estimated coefficients, | must emphasize that these coefficients cannot
be given a causal interpretation. They just explain some of the variation in the presence of
friendship links. The model in Column 1 shows that two Roma students are 12 percentage
points more likely to be friends. There is also a significant negative coefficient on the
indicator of different ethnicity. Students of the same gender or coming from the same town
also have a higher chance of being friends. Dissimilarity in age and GPA have a negative

coefficient. Parental education is also significant.
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The picture is different if the regression also controls for the number of common friends.
Please see Column 2 of Table 3 for the results. The only factors that remain significant are
ethnicity, gender and dissimilarity in parental education. This model has R? = 0.2579, which
is higher than the R? of the model in Column 1, but still most of the variance in friendship
links remains unexplained. This is consistent with the theory that there are hidden factors
influencing friendship formation, or that most of it is driven by pure luck (Foster 2005;

Mayer and Puller 2008).
3.3. Micro-level model of friendship formation
3.3.1. Setup

In this subsection I present a model which simulates meeting and becoming friends. It is
based on the model by Mayer and Puller (2008). | implemented the model and the

simulations in Python.

The model works the following way. In the beginning no students are friends in the class.
Then students meet each other with a given probability (Pmeet). Meeting is independent across
pairs of students. If two students meet, they become friends if the friendship function takes

on a positive value. The friendship function is
f(Xij &) = XijB + &

where Xjj contains measures of similarity and dissimilarity between students i and j, f
contains parameters (including an intercept) and & is a shock term (iid standard normal).

This happens in each classroom. Afterwards the resulting friendship networks are observed.
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3.3.2. Calibration and results

The model outlined above can be thought of as a function of the form

u= g(Pmeet' ﬁ' “))

where pu contains moments of the resulting networks, Pmeet and S are parameters, and o
includes all random shocks (random values for the meeting process and shocks for the
friendship function). Let the shocks be fixed. The model can be calibrated by trying different
parameter values and checking which produce moments that are the closest to the true values
of the moments. | implemented this in Python the following way: parameter values were
chosen at random, then a solver function with the Nelder-Mead algorithm tried to find the
local minimum. This was repeated two hundred times. From all these local minima | chose

the one with the closest match.

The model that I used had four parameters and four moments. (I based this on the model by
Mayer and Puller (2008), but their model used fourteen parameters and fourteen moments
because they had a much richer set of data.) The four parameters were the probability of
meeting (Pmeet), the intercept of the friendship function (fo), the coefficient on the indicator
for “both Roma” (firr), and the coefficient on the indicator for “both non-Roma” (Snn). The
targeted moments were the mean and variance of the number of friends, the percentage of
friends of Roma who are Roma, and the percentage of friends of non-Roma who are non-

Roma. My results are summarized in Table 4.

Column 1 shows the moments that are observed in the real data. Column 2 shows the

calibrated model. The model fits nicely the moments of the data. It can be seen that much

10



Table 4: Model results

(1) @) ®3) (4)
Data Model Model Experiment
without
preferences

Parameters

Prreet | 0.300 0.498 0.300
Bo 0.351 -0.062 0.351
Bre | 2.655 0.000 2.655
B 0.562 0.000 0.562
Moments |

mean 8.59 8.61 8.66 8.34
var | 11.28 11.27 11.20 10.61
RR 0.46 0.46 0.34 0.25
NN | 0.87 0.87 0.84 0.82

greater same-ethnicity preference is needed for the Roma subgroup than for the non-Roma

subgroup.

| also calibrated the model without same-ethnicity preferences. This time | only calibrated
the probability of meeting and the intercept of the friendship function, while the targeted
moments were the mean and variance of number of friends. This is summarized in Column
3 of Table 4. This is essentially the case of random friendship formation without same-
ethnicity preferences. This version of the model reproduces the targeted moments, and the

same-ethnicity bias in the composition of friends is also smaller for both subgroups.

Mayer and Puller (2008) used their calibrated model to conduct counterfactual experiments.
I conduct a counterfactual experiment with my version of the model. I rerun the simulations
using a modified dataset where each class has the same share of Roma students (21.74%).
The counterfactual experiment is meant to simulate the effect of desegregation. The results
are summarized in Column 4 of Table 4. The mean and variance of the number of friends

does not change drastically, but there is a great reduction in the same-ethnicity biases. My

11



results are similar to those of Hajdu et al. (2015). They used simulations to estimate the effect

of equalizing the share of Roma students in all classes. Their simulations were based on

estimating
found that

non-Roma

the expected number of friends based on class, gender and ethnicity. They also
desegregation would have positive effects on friendship ties between Roma and

students.

3.3.3. Sensitivity of the model

| produced

some comparative statics to understand better the workings of my model. I used

the model in Column 2 of Table 4. In each case | only changed the value of one parameter

while leaving the other three unchanged at their calibrated level. Please see Figure 1-4 for

the results.
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Figure 1 shows that increasing the probability of meeting leads to higher mean and variance

of the number of friends. The same-ethnicity biases decrease.

Figure 2 shows that increasing the intercept leads to students forming more friendships. As

the intercept increases, the importance of the same-ethnicity preference coefficients

decreases. This leads to a decrease in the same-ethnicity biases.

Figure 3 shows that increasing the coefficient of Roma same-ethnicity preferences leads to

Roma students becoming friends more often. After a certain value, it does not matter if the

coefficient is increased. | suspect that at that point all Roma students become friends upon

meeting. All Roma students have more friends, so the variance of the number of friends

decreases. As the coefficient increases, the same-ethnicity bias of Roma becomes stronger.

It does not affect the bias of non-Roma students.

14



CEU eTD Collection

Figure 4 shows similar results to those of Figure 3. One difference is that increasing the

coefficient does not decrease the variance of the number of friends, but increases it.

3.3.4. Comments and future research

| think that this model may be further expanded in other directions. It could include more
moments (for example clustering, skewness of the number of friends, etc.). The reasons why
| did not include more moments and more parameters in the model are the following: Firstly,
my main point of interest was same-ethnicity bias. This aspect is reproduced well by the
model. Secondly, another version of the model which included a process of meeting friends

of friends could not be calibrated due to computational issues.

| think that in future research I could improve on the number of moments (supposing that
the computation issues can be solved) or on the data being used (e.g. Facebook data or other

social media).

15
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4. Conclusion

In my thesis | analyzed a dataset of Hungarian students in 8™ grade. The dataset allowed me
to reconstruct class-level friendship networks. | set out to examine ethnic homophily with

respect to Roma and non-Roma students.

| found positive inbreeding homophily for both subgroups. | estimated linear probability
models to find the strongest predictors of friendship links. | found that ethnicity, gender and
parental education are good predictors. | calibrated a model based on the model by Mayer
and Puller (2008). My model could reproduce the same-ethnicity friendship biases found in
the data. Same-ethnicity preferences explain part of this bias. | conducted a counterfactual
experiment in which | simulated the effect of desegregation. The simulation showed a

decrease in same-ethnicity friendship biases.

16
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