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Statistics and networks? 

Why statistics? 

-  Is the network a unique narrative? 

-  Numbers in lieu of ethnography? 

Possible answers 

-  Detecting systematic tendencies 

-  Social mechanisms 

-  Why not? 
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Part 1 

Social network data? 
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Social networks 

We conceive of a network as a Graph: G(V,E), on 

Individuals: V={i,j,k,l}  

Relation: E ={(i,j),(i,k),(k,j),(l,j)}  
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Social networks 

We conceive of the Graph as a collection of 

Tie variables: {Xij: i,j ∈  V}  
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Social networks 

We conceive of the Graph as a collection of 

Tie variables: {Xij: i,j ∈  V}  
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We conceive of the Graph as a collection of 

Tie variables: {Xij: i,j ∈  V}  
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Social networks 

The Adjacency matrix: 

The matrix of the collection Tie var. {Xij: i,j ∈  V}  
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Social networks 

The Adjacency matrix: 

The matrix of the collection Tie var. {Xij: i,j ∈  V}  

i - xij xik xil 

j xji - xjk xjl 

k xki xkj - xkl 

l xli xlj xlk - 

x = xi•xk•
T = xij xkjj∑

In-degree 

×
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Let’s create an Adjacency matrix: 

- xij xik xil 
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x = 

x <- matrix(rbinom(100,1,.4),10,10)!

number of nodes 

density (#arcs/#possible arcs) 

number of cells 



Social networks – example in R 

Let’s create an Adjacency matrix: 

- xij xik xil 

xji - xjk xjl 

xki xkj - xkl 

xli xlj xlk - 

x = 

x <- matrix(rbinom(100,1,.4),10,10)!
diag(x) <- 0 

number of nodes 

density (#arcs/#possible arcs) 

number of cells 

No diagonal (self-nominations) 
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Social networks – example in R 

Let’s create an Adjacency matrix: 
x <- matrix(rbinom(100,1,.4),10,10)!
diag(x) <- 0!
x!
sum(x[3,])!
rowSums(x)!
colSums(x) To sum all columns 

in-degree distribution 



Social networks 

To draw the Graph 

Tie variables: {Xij: i,j ∈  V}  
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Social networks 

To draw the Graph 

Tie variables: {Xij: i,j ∈  V}  
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To draw the Graph 

load package “network” 

x <- matrix(rbinom(100,1,.4),10,10)!
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library('network') 
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To draw the Graph 

load package “network” 

x <- matrix(rbinom(100,1,.4),10,10)!
diag(x) <- 0!
x!
sum(x[3,])!
rowSums(x)!
colSums(x)!
library('network')!
myGraph <- as.network(x) 

Transform the adjacency matrix 
to a “network object” 



Social networks 

To draw the Graph 

load package “network” 

x <- matrix(rbinom(100,1,.4),10,10)!
diag(x) <- 0!
x!
sum(x[3,])!
rowSums(x)!
colSums(x)!
library('network')!
myGraph <- as.network(x)!
plot(myGraph) 

plot the new “network object” 



Part 2 

Modes of analysis of Social network data? 



Modes of Analysis SNA 

Graphical Descriptive Statistical 
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A social network of tertiary students – Kalish (2003) 
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Yellow: Jewish  Blue: Arab 

A social network of tertiary students – Kalish (2003) 
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Modes of Analysis SNA 

Statistical 

“nonparametric” 
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Centrality index Density 

arab jew 

arab medium low 

jew high 

Differences in centrality 
may be explained by 
chance  

Differences in densities unlikely if 
classes assumed “equal” 
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Ties are distributed 
independently with 
parameter 

The network may be described by an 

- a priori BBM 

-  social selection ERGM with separate 
effects for clustering and homophily on 
race 
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Part 2 

Background: statistical analysis 



Statistical analysis – why statistics? 

Why statistics? 

Statistics ≈ assessing whether observed 
measured quantities are ”big”  
≈ reject chance or not 

six in 50 out of 51: 
balanced dice? 

Networks not as easy 
- Good model for chance in SNA? 
- Model to capture systematic patterns (the typical) 



Can’t we simply do t-tests? 

“I give advice…” 
Consider testing: 
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Consider testing: 
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Can’t we simply do t-tests? 

Consider testing: 

“advice” 

“friendship” 
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Here we get r = 0.21 Large? 


