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Structure of the Class 
n Preliminaries 

n What are ego network data? 
n Analysis  

n What can we do with ego network data?  
n Ego networks and health 

n What health-related questions can we answer?  
n Example of ego network analysis in R 



Goals 
n By the end you should have gained:   

n Familiarity with ego network data 
n Background on measurement and applications to 

health outcomes 
n Tools for analyzing ego network data in R 



Definitions 
n Ego network (personal network) 
n Ego: focal node/respondent 
n Alter: actors ego has ties with 
n Ties between alters 

A	  

B	  

C	  

Ego	  

D	  





Ego Networks and Traditional 
Survey Data  

n Ego networks combine aspects of traditional 
survey data with network data 

n Traditional survey 
n  Independently sampled respondents 
n Get characteristics of those respondents through 

survey questions 

Respondent Age Educ Smokes Drinks 
Ego 40 16 No Yes 



Ego Networks and Traditional 
Survey Data  

n Ego networks combine aspects of 
traditional survey data with network data 

A	  

B	  

C	  

Ego	  

D	  

Respondent Age Educ Smokes Drinks 
Ego 40 16 No Yes 

Ego A B C D 

Ego 1 1 1 1 

A 1 1 0 1 

B 1 1 0 0 

C 1 0 0 0 

D 1 1 0 0 



Why use ego network data?   

n From ego’s perspective, personal network 
is important for:  
n Social support 
n Access to resources 
n  Influence/normative pressure 
 



Why use ego network data?  

n From a more global perspective, ego network 
data are useful for:  
n Studying mixing patterns between groups 
n Potential for diffusion 

•  Disease propagation 
•  Adoption of innovation: new product or health practice 



Why use ego network data?  
n Lots can be had from ego network data! 

n Composition of individual’s local social world 
•  Demographic characteristics of alters 
•  Shared health behaviors 

n Structural features 
•  Size 
•  Density 

n Nature of the ties 
•  Frequency, duration, closeness 
•  Specific exchanges  



n Benefits:  
n Lots of information for cheap 
n Easy to collect as part of a traditional survey 
n Often only interested in personal networks 
n Can use local information to describe global 

network properties 
n Costs:  

n Rely (typically) on self reports of ties 
n Egos are treated as independent  
n Will generally miss larger structure of network  

Cost/Benefits to Ego Network Data 



Collecting Ego Network Data 

n 1) Could collect full network data  
n extract ego networks 
n analyze as independent 

Alice
Carl

Beth

Ed

Diana

Fred

Alice Alice Beth 
Alice 1 
Beth 1 

Beth Beth Alice Carl Diana 

Beth 1 1 1 

Alice 1 0 0 

Carl 0 0 1 

Diana 0 0 1 



n 2) More typical is to collect independently 
sampled ego network data 
n Random sample of individuals 

•  Ask standard survey questions (age, education) 
n Ask each person to report on 

•  alters 
•  alter characteristics  
•  ties between alters 



Step 1 
n Each respondent is asked to list set of 

contacts 
n No need for actual names or ids  
n Often truncated but best not to 
n Generally a good idea to ask multiple questions 



Step 1 
n Ask open ended questions to elicit social 

contacts 
n General: Looking back over the last six months 

who are the people with whom you discussed an 
important personal matter?  

n Behavioral: Who have you slept with in the last 6 
months? Who have you shot up with in the last 6 
months?  

n Support: If you were sick, who would be willing 
to accompany you to the hospital? Who do you 
go to for advice on health-related matters?  



Step 2 
n Ask respondents about each named alter 

n Characteristics 
•  age, education, gender… 

n Nature of tie with alter 
•  Frequency of contact 
•  Kin/non-kin, type of relationship 
•  Closeness to alter 
•  Duration of relationship  

 
Age Educ Age 

Alter1 
Age  
Alter2 

Educ 
Alter1 

Educ 
Alter2 

Freq 
Alter1 

Freq 
Alter 2 

Ego 40 16 38 35 16 12 Weekly  Monthly 



Step 3 
n Ask respondent about ties between alters (if 

possible) 
n Think about the relationship between <alter1> 

and <alter2>. Would you say that they are 
strangers, just friends, or especially close?  

n Often must limit number of alter-alter tie 
questions 

Age Educ Age 
Alter1 

Age  
Alter2 

Educ 
Alter1 

Educ 
Alter2 

Freq 
Alter1 

Freq 
Alter 2 

Tie: A1-
A2? 

Ego 40 16 38 35 16 12 Weekly  Monthly Close 



Analyzing Ego Network Data 

n Different kinds of questions/analyses than 
with full network data 

n Often measure property of ego network to 
use as predictor in typical statistical model 



Network Size (Degree) 



Network size: Local and Global Measures 
 n Local: personal network size 

n Number of alters (social support) predicting 
health outcomes 

n Number of drug partners predicting future 
risky behavior 

n Global: degree distribution by aggregating 
over all cases 
n Distribution of ties per person 





Composition 
n Distribution of types of people and resources 

in ego network 
n Demographic characteristics 
n Types of relationships (kin/non-kin) 
n Resources available to ego 
n Risks to ego 

 



Demographic characteristics  
 

n Homophily tends to prevail 
n Ego networks are more homogenous than 

population at-large 
n Largely due to structural constraints 

n Local: How diverse/homogenous is an 
individual’s social world?  

n Global: How much contact is there 
between demographic groups?  



n Local: How diverse/homogenous is an 
individual’s social world?  
n What proportion of ego’s friends are white? 

Female? What proportion of ego’s friends are 
of different gender than themselves?  

n Global: How much contact is there 
between demographic groups?  
n What proportion of ties are between/within 

racial groups?  



Homophily 
n How similar is ego to their alters? 
n Two simple measures (just focus on ego-

alter pairs):  
n proportion homophilous 
n E-I index: 
n Where E= number of ties to different groups 
n And I=number of ties to same group 
n Ranges from -1 (homophily) to 1 

! − !
! + !!



E=0 
I=4 
E-I: (0-4)/4=-1 
 
Proportion homophilous:  
Proportion same/degree 
4/4=1   
 

E=2 
I=2 
E-I: (2-2)/4=0 
 
Proportion homophilous:  
Proportion same/degree 
2/4=.5   
 

! − !
! + !!

! − !
! + !!



Heterogeneity  

n Could also measure heterogeneity 
amongst alters (ignore ego here) 
n e.g., diversity of social support or job contacts 

may be advantageous  
n  IQV as one possible measure:  

n Where k is the number of categories and p 
is the proportion in category i 



Resources and Risks  
n We can use the same measures on other 

characteristics of interest, such as: 
n Distribution of drugs users in network (risks) 
n Distribution of income/education, kin, etc. in 

network (resources) 
n Distribution of health statuses (chronic illness) in 

network (i.e., stressors) 



Global Measures 
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the second section, we analyze homophily net 
of the marginals, relative to the chance prob-
ability of an in-group tie. In both cases, we 
discuss two sets of results: one where all 
confidants are included and one with only 
non-kin confidants (where kin is defined as 
any family member).

RESULTS: ABSOLUTE 
HOMOPHILY
We begin our results with a simple descriptive 
table of absolute homophily. Table 1 presents 
sociodemographic distance between respon-
dents and confidants in 1985 and 2004. We use 
a dummy variable to capture sociodemographic 

distance for sex, race/ethnicity, and religion. 
The dummy variable equals 1 if the respondent 
and confidant differ on the demographic dimen-
sion of interest (e.g., identify with different 
religions). The table includes the observed rate 
of mismatching for each categorical demo-
graphic dimension; it also includes the rate 
expected by chance, where we randomly pair 
respondents together and see if they mismatch 
on race, sex, or religion. The table measures the 
absolute difference between a respondent and 
confidant for our interval variables, age and 
education.4

Table 1 shows a clear decrease in raw 
homophily rates along racial, religious, and 
gender lines.5 Individuals had proportionally 

Table 1. Summary Statistics

1985 2004

 Mean SE Mean SE

Race
 Racial Mismatch between Respondent and  

 Confidant***
.047 .006 .098 .010

 Racial Mismatch Expected by Chance*** .276 .015 .387 .020

Religion
 Religious Mismatch between Respondent  

 and Confidant**
.241 .010 .290 .014

 Religious Mismatch Expected by Chance*** .535 .011 .658 .013

Sex
 Sex Mismatch between Respondent and  

 Confidant*
.403 .008 .433 .011

 Sex Mismatch Expected by Chance .498 .003 .492 .005

Age
 Absolute Age Difference between  

 Respondent and Confidant
11.792 .234 11.150 .283

 Absolute Age Difference Expected by  
 Chance**

19.839 .287 18.584 .354

Education
 Absolute Education Difference between  

 Respondent and Confidant
2.115 .049 2.047 .058

 Absolute Education Difference Expected  
 by Chance

3.317 .084 3.120 .079

Note: The table includes significance tests comparing the level of homophily in 1985 to the level in 
2004. The level of significance is placed next to the name of the statistic. Standard errors are calculated 
from bootstrap samples for the observed level of homophily, and using complex survey design for the 
level expected by chance.
*p < .05; **p < .01; ***p < .001 (two-tailed tests).
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Structural Measures 

n Measuring structural features of ego network 
n Use alter-alter ties+network size 

n Different network environments lead to 
different outcomes 
n Norms easier to establish/maintain if all friends 

know each other (stronger social closure) 



Density  
n Like normal density but ignore ego-alter ties 
n Proportion of ties between alters compared 

to number possible 
Total Ties=1 
Possible=4*3/2=6 
Density=1/6 
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Fig. 1.—Interaction: density by friends’ delinquency

delinquency index of 0.32, average centrality to a delinquency index of
0.37, and high centrality to a serious delinquency index of 0.56. These
results indicate that the association between friends’ delinquency and a
respondent’s own level of delinquency is stronger when the respondent
is located within a central position in the friendship network

The last network characteristic, popularity, is examined in model 6.
Here it is found that although the delinquency-peer relationship is con-
ditional, popularity plays a smaller role in moderating the delinquency-
peer association. When an adolescent is without delinquent friends, pop-
ularity has a small negative relationship with delinquency status (exp

). In contrast, when located in a delinquent peer network,(!.03) p 0.97
popularity is associated with a small increased delinquency index
(exp ). Specifically, figure 3 indicates that when an adolescent(.01) p 1.01
is located in a peer network that averages a minor delinquency index of
5, high popularity is associated with a delinquency index of 0.37 compared
to 0.34 and 0.32 for average and low popularity, respectively. With greater
peer delinquency (index p 10), high popularity is associated with a de-
linquency index of 0.69 versus 0.47 and 0.39 for average and low
popularity.

Overall, these results indicate that all of the network characteris-
tics—density, centrality, and popularity—condition the delinquency-peer
association. Incorporation of the underlying pattern of relationships
among adolescents explains when friendship networks are more or less
effective in constraining adolescents’ behavior to resemble that of their
peers. However, the size of the coefficients and graphs of the interactions

This content downloaded from 129.93.4.20 on Wed, 11 Feb 2015 16:09:06 PM
All use subject to JSTOR Terms and Conditions

Haynie 2010 



Structural Holes (Burt) 

n Basic idea is that ego may be in an 
advantageous position if they have lots of 
non-redundant ties 
n More diverse information  
n Broker between two groups 





Effective Size 

ego

1

2

3

4

5

6

Effective size=number of alters- 
‘redundancy’ with alters 
n-2t/n 
Where n=number of alters 
t=number of ties between alters 
 
6-(2*4)/6=4.67 



Efficiency 

ego

1

2

3

4

5

6

Efficiency = 
Effective Size/actual size 
 
4.67/6=.78 



Constraint 
n How much room to exploit structural holes 
n To what extent is ego tied to people who are 

also connected to each other 
n Less room to navigate if everyone tied to everyone  

Higher Constraint Low Constraint 

! − !
! + !!

!
!
!
constraint:!!!" = !!" + !!"!!"!

!!



A Configurational Approach 

Smith 2012 





P Y = yð Þ=
exp uT g yð Þ
! "

k uð Þ , ð2Þ

where g yð Þ is a vector of network statistics, u is vector of parameters, and k uð Þ is a
normalizing constant.

ERGMs are particularly useful for testing hypotheses about the formation, or gener-
ation, of a network, but they can also be used to simulate networks (Robins, Pattison,
and Woolcock 2005). The model coefficients measure the strength of various micro-
processes shaping the formation of the network. We can take those coefficients and
predict (stochastically) the presence or absence of a tie between pairs of people.

Traditionally, ERGMs have been estimated on full networks without missing data,
but more recent work has extended the model to sampled data. For example,

Figure 3. Example ego network configuration distributions: transitivity comparison
Notes. Ego is not shown in the configurations. I only use categories with four alters or below for space

considerations. The clustering coefficient is the average density in the ego networks. The measure is

taken over nodes with degree greater than 2 and does not include edges involving ego. Transitivity is the

number of two paths that share a direct link. The networks are of the same size and have the same

degree distribution. The second network is an empirical Add Health network. The first network is a

simulated network with the same local density as the second network but with different global transitivity.

162 Sociological Methodology 42
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Analysis Part II: getting global network 
features from ego network data 

n Take ego network data and measure: 
n Degree distribution, mixing between groups,, 

differential degree and (possibly) ego network 
configuration distribution 

n Simulate full networks of the right size 
(using ERGM-more on this Thursday!) 
where ego networks have same properties 
as observed ego networks  



protected sexual acts with noncommercial sex partners and with FSWs. These
results indicate that regardless of the behavioral and biological inputs driving
the simulations, the network structure constrained by age and education mixing
observed in the SSNS significantly limits the spread of HIV infection. The
range of the mean of the distribution of the proportion infected generated by
the simulations is narrow, between 0.5 % and 0.2 % of all nodes. In scenarios
driven by sexual behaviors documented in the SSNS (five sex acts per month
with marital partner, and three with FSWs) and a range of infectivity per sex
act measured across high- and low-income countries, the fraction of nodes
reached by infection ranges between means of 0.06 % and 0.1 %. This fraction
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Fig. 5 Size distribution of connected components and of largest component as proportions of all nodes
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Fig. 6 Single run of largest component (left) and one eight-step walk from a randomly chosen node (right)
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Merli et al. 2015 
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Summary 

n Ego network data are easy to collect and 
(potentially) useful for studying health 

n Offers measures of social support (related to 
better health outcomes) 

n Offers measures of risk/norms that an 
individual faces 

n Offers information that can be used for 
inferring full network structure 
n Useful in understanding risk of disease spread 


