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1834 Statistics and networks?

The University of Manchester

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

The University of Manchester

We conceive of a network as a Relation
defined on a collection of individuals

relates to '

“... go to for advice...”



MAI\'CH{% [ER

Social networks

The University of Manchester

We conceive of a network as a Relation
defined on a collection of individuals

relates to '

“...consider a
friend...”
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Social networks

The University of Manchester

We conceive of a network as a Relation
defined on a collection of individuals

relates to .

paul

on =— Tie present

Generally binary

off +> Tie absent
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Social networks

The University of Manchester

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

P Individuals: V={1,2,....n}
J/ \\relates {0 '
ﬁ .
| ‘ = Relation: EC {(ij):ij € W}
v omary /

~

on =— Tie present

Generally binary

off +> Tie absent
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Social networks

The University of Manchester

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

Individuals: V={1,2,....n}

@.n Relation: EC {(ij):ij € V}

on =— Tie present

Generally binary

off +> Tie absent
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Social networks

The University of Manchester

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

Individuals: V={ij k)

Relation: £ ={(i,j),(i,k),(k)),(L))}
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1824 Social networks

The University of Manchester

We conceive of the Graph as a collection of

Tie variables: {X;:ij € V}

'

1 ifi—j

[ — ] 0 otherwise
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Social networks

The University of Manchester

We conceive of the Graph as a collection of

Tie variables: {X;:ij € V}

o 1 fi—j
| (i,])) | X, =+ .]
| — O otherwise
£
>
3
-y
§ of —4 s 10
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1824 Social networks

The University of Manchester

We conceive of the Graph as a collection of

Tie variables: {X;:ij € V}

-

1 ifi—

0O otherwise

N N

X; I - 1 1 0

X — Jj |0 - 0] 0

k| x| X | = | Xu k|0 1 |=-1]0
\l Xy | Xy | Xp| - / \l o 1 |0 - /
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1824 Social networks

The University of Manchester

We conceive of the Graph as a collection of

@ Tie variables: {X;:ij € V}
Qf@/ 1 ifi—s

0O otherwise

4 N 4 N
Pl x| x| Xy A
X — J U X | = | Xu| X — Jj 0 - 0] O
k| x| X | = | Xu k|0 1 |=-1]0

\l Xy | Xy | Xp| - / \l o 1 |0 - /
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1824 Social networks

The University of Manchester

The Adjacency matrix:

The matrix of the collection Tie var. {X,: ij € V}

8 R




Social networks

The Adjacency matrix:

The matrix of the collection Tie var. {X,: ij € V}




MAI\'CH{:Q [ER

Social networks

The University of Manchester

The Adjacency matrix:

The matrix of the collection Tie var. {X,: ij € V}

a B

l X | Xk | Xy
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Social networks

The University of Manchester

The Adjacency matrix:

The matrix of the collection Tie var. {X,: ij € V}

T
X XXy = ijij’xkj

=
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:
X <- matrix(rbinom(100,1,.4),10,10)

A\

number of nodes

Sl Xy | Ak | M densi -
ensity (#arcs/#possible arcs)
o= |1 T k] A |
X | Xy | 7| X number of cells
\\ X | X |k T
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:
X <- matrix(rbinom(100,1,.4),10,10)

diag(x) <- 0 ! T' R\\\
/ number of nodes
i' \% Xik | Xit : :
density (#arcs/#possible arcs)
NN
S EA NG R |
N\
RSN T number of cells
\| Xii | Xy xzk\'\é/

No diagonal (self-nominations)
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

X <- matrix(rbinom(100,1,.4),10,10)
diag(x) <- 0
X < Print matrix to screen

(.11 [,21 [,3] [,4] [,5] [,e] C,7] [,8] [,9] [,19]
[1,] 9 1 9 9 9 9
[2,]
[3,]
[4,]
[5,]
(6,]
[7,]
[8,]
[9,]
[19,]

PP ORPOFRPOFP,®
SO OOROOF®
SRR OOROO®
SOOOFROOO®
SOOFROORRFPO®
PP OOOORRPOO®
PORPOOORRFPO®
OO0 OOORr®
SORPRPRPROSOR®
CORPROOOORrO®
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

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

X Print matrix to screen
sum(x[3,])< To sum third row

> X

(.11 [,21 [,31 [,4] [,5] [,6
9 1 9 9 9

(.71 [,8] [,9] [,1@]
9 9 9

[1,]
[2,]
[3,]
[4,]
[5,]
(6,]
[7,]
[8,]
[9,]
[19,]

S i
oSO rRPOO0®
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

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

X < Print matrix to screen
sum(x[3,])< To sum third row

|:E> > sum{x[3,])
[1] 7
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84 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

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

X

Sum(X[3,])/To sum all rows
rowsSums (xX) J/

> X

[1,]
[2,]
[3,]
[4,]
(5,
(6,
[7,]
[8,]
[9,]

[10,]

P FRPOSFPSOSFRPOFPO®
SrRrrRPoOOOOPFRPOOOO®
oS00 roooooe o
PP PFRPPFPOO®
PeePFRPOOOSOPFRPRPFPO®
SO rPrPPOSOOPFRPRO®

OO O OO ®
COEOROORRO®
OO OOOOeR O ®
SO rRrOOOORr o
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

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

sum(x[3,])/ To sum all rows
rowsums (X) J/

> rowsSums{x )

(1] 1973333433
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

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

X
sum(x[3,]) — To sum all rows
rowsSums (x)<
> X

[,11 [,2] [,31 [,4] [,5] [,6] [,7] [,8] [,9] [,10] /\
[1,] ) 1 ) ) ) ) ) ) ) ) 1
[2,] 9 ) 9 ) ) 9 ) ) ) ) )
[3,] 1 1 9 9 1 9 1 1 1 1 7
(4, o o o o 1 1 1 o o |e 3
5] 1 Out-degree distr bg!t on T :
[7:] 1 ) ) ) 1 ) ) ) 1 ) 3
[8,] ) ) 1 9 ) ) 1 ) 1 1 4
[9,] 1 ) 1 ) ) 1 ) 9 ) ) 3
[10,] 1 ) ) ) ) 1 1 ) ) ) 3
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1824 Social networks — example in R

The University of Manchester

Let's create an Adjacency matrix:

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

b

sum(x[3,])

rowsSums (xX)

colSums (x) < To sum all columns

in-degree distribution

> colSums{x) /
[1] 5331344142
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1824 Social networks

The University of Manchester

To draw the Graph

Tie variables: {X;:ij € V}

'

1 ifi—j

[ — ] 0 otherwise
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1824 Social networks

The University of Manchester

To draw the Graph

Tie variables: {X;:ij € V}

Q.p  ox,=) 1 M

)

O otherwise

| — ]
(,1J [,2] (,3] [,4] (,5] C,e] [,7] [,8] [,9] [,19]
[1,] ) 9 ) 9 9
[2,]
[3,
[4,]
[5,]
[6,]
(7,7
[8,]
[9,]
[10,]

PRPORPRORPROR,®
COOOROORr ®L
CRPRPRPOOROO®®
COOOrROOO®
COOROORRFPRO®
PR OOORRPROO®
POROOORRLEO®
OO0 OOORr ®
CORPPRPROEOR®
COROOOORO®
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1824 Social networks

The University of Manchester

To draw the Graph

load package “network”

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

X

sum(x[3,])

rowsSums ( xX)

colSums (x)

library( 'network')
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1824 Social networks

The University of Manchester

To draw the Graph

load package “network”

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

diag(x) <- 0
X

sum(x[3,])
rowsSums ( xX)
colSums (x)

Transform the adjacency matrix
to a “network object”

library( 'network') z/////

myGraph <- as.network(x)
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The University oflzfrjchester S o c i a I n eltwo rks

To draw the Graph

load package “network”

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

X

sum(x[3,])

rowsSums ( xX)

colSums (x)

library( 'network')

myGraph <- as.network(x)

plot(myGraph)g\\\\

plot the new “network object”




Part 2

Modes of analysis of Social network data”
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183+ Modes of Analysis SNA

The University of Manchester

Graphical Descriptive
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183+ Modes of Analysis SNA

The University of Manchester

Graphical

A social network of tertiary students — Kalish (2003)
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183+ Modes of Analysis SNA

The University of Manchester

Graphical

Blue: Arab

A social network of tertiary students — Kalish (2003)
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B Modes of Analysis SNA
Centrality index Density
mary
arab
john
pete arab medium low
I
P high




MANCHIIER Modes of Analysis SNA

The University of Manchester

Statistical

“nonparametric”

Centrality index Density
Differences in densities unlikely if

classes assumed “equal”

mary
john Differences in centrality
may be explained by arab
pete chance
paul arab medium low

high
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183+ Modes of Analysis SNA

The University of Manchester

Statistical

model based

Bernoulli The network may be described by an
mary - a priori BBM
john _Tlgs are dd'Stt?bUt.fr? - social selection ERGM with separate
Indeépenadently wi effects for clustering and homophily on
pete parameter
race
paul 5N =4
P=5 arab
arab medium low
high
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Part 2

Background: statistical analysis
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18 Statistical analysis — why statistics?

The University of Manchester

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)
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The University of Manchester

Can’t we simply do t-tests?

Consider testing:
‘| give advice...”

ﬁ% <a«$\/

cc‘?)%
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Can’t we simply do t-tests?

The University of Manchester

Consider testing:
“... to people | consider my friends”

=2 e,
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Can’t we simply do t-tests?

The University of Manchester

Consider testing:

F
.

I Z mme )
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Can’t we simply do t-tests?

The University of Manchester

Consider testing:
Correlate advice x with friendship y?

(OF emm=)
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Can’t we simply do t-tests?

The University of Manchester

Consider testing:
Correlate advice x with friendship y?

(OF emm=)
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Can’t we simply do t-tests?

The University of Manchester

Consider testing:
Correlate advice x with friendship y?

0} O

ij

©; ©
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R Can’t we simply do t-tests?

The University of Manchester

Consider testing:
Correlate advice x with friendship y?

O—0O OO0
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R Can’t we simply do t-tests?

The University of Manchester

Consider testing:
Correlate advice x with friendship y?
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The University of Manchester

Can’t we simply do t-tests?

Consider testing:

Correlate advice x with friendship y?

@:

/’

©

'xij

= X | Xk | K
Xei | X | T | M
X | Xp | X | T

()-

/’

@

yij
= Vi | Vi | Vi
X e et
Yii | Yig | = | Vu
Vil Vi | V| -




MANCHESTER

1824

The University of Manchester

Can’t we simply do t-tests?

Consider testing:

Correlate advice x with friendship y?

@:

/’

©

'xij

= I\Xi ) ik | K
Xei | X | T | M
X | Xp | X | T

()-

/’

@

yij
= \\Vi )| ik | Vit
X e et
Yii | Yig | = | Vu
Vil Vi | V| -
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L Can’t we simply do t-tests?

The University of Manchester

Consider testing:
Correlate advice x with friendship y?

O—0O OO0

Aij Yij
4 N O O
2% <\xik Xil | Vi < Yig) Vit
AN T s QY N alie e
Xei | X | T | M Vi | Yig | = | Vu
\ X | X [ X | T / k Vi | Vi | Y| = /
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The University of Manchester

Can’t we simply do t-tests?

Consider testing:

Correlate advice x with friendship y?

@:

/’

©

()-

xij
=1 Xy | Xy \xil/)
Xei | X | T | M
i | Xy | Xk T / &

yij

@

Yij

Vir |

\y il

Vii

Vik

Vil

Vki

Vi

Vki

Vii

Yy

Yik

\
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The University of Manchester

Can’t we simply do t-tests?

Consider testing:
Correlate advice x with friendship y?

@ | X.. @

Here we get @

0! ©




