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Memory check

- How would you describe this network?



GraphNetworks can be represented as graphs or matrices
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+ graphs are pretty and often quite natural to 
interpret 

- graphs can quickly become complex and details 
difficult to discern



Edgelist <-> GraphNetworks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

3820 February 201

3
Christoph Stadtfeld - Partnership driving friendship

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

Networks can be represented as graphs or matrices

A =

0

BB@

0 1 1 0
1 0 1 0
1 1 0 1
0 0 0 0

1

CCA (1)

May 18, 2015 Chair of Social Networks at ETH 24

consist of 2 numbered or labelled columns (if directed then ordered) 

+ easy to create and edit in Excel, and memory efficient 

+ can add edge information (time, weight, etc) as additional columns 

- cannot deal with isolates/nodal attributes without additional data objects 

- more complicated statistics than degree difficult to calculate
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rows and columns correspond to (ordered) senders and recipients 

1 indicates a tie from sender to recipient 

0 indicates absence of a tie (diagonal 0s in simple network) 

- memory inefficient for sparse networks 

- somewhat incomprehensible 

+ encodes all relational information (ties, weights, isolates, etc) 

+ flexible, quick analysis



Let’s try a few

Turn into matrix, edgelist, and graph respectively
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Sources
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Ego networks
8



https://flowingdata.com/2016/07/20/modern-family-structure/


Milewicz et al. 2018
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Figure 3. EU’s and US’ ego networks (based on bilateral agreements). Dashed lines represent PTAs and solid lines represent NTIs. Transitivity
refers to the proportion of triadic closures in the network, which is the number of closed triads over the number of open triads.
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Ego networks
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Example: US General Social Survey
- Name generator: Asks respondents to report names of all people with whom they discussed important matters in last 

six months 

- Name interpreter: Collects information on characteristics of first five people named (Burt 1984, Marsden 1987) 

- Name generators a commonly used method, but some important methodological issues (e.g. adams and Moody 2007, Campbell and Lee 
1991, Ferligoj and Hlebec 1999, Marsden 1993, 2003, Matzat and Snijders 2010) 

- E.g. McPherson et al. 2008 found personal networks of Americans had shrunk significantly between 1985 and 
2004, but it turned out that this was an artefact and actually due to: 

- Interviewer fatigue and other interviewer effects (e.g. uneven prompting, Bearman and Parigi 2004) 

- Respondents fatigue (e.g. when later in the survey, Paik and Sanchagrin 2013) 

- Respondents learning (e.g. panel conditioning, Warren and Halpern-Manners 2012)

12



For more on ego networks, see:



Whole networks
- Respondents presented with a roster (complete list 

of individuals in a population of interest; Marsden 1990) 
- Reduces recall bias stemming from unreliably 

recalling interaction partners’ names 
- Reduces perception bias cos reports cross-

checked, or not even requested (though see Boda et al 

2020) 
- Only possibly for small networks or networks 

where relational data publicly recorded 
- Large rosters can still become unreliable (Pustejovsky 

& Spillane 2009)

14



Archival alternative

Hollway and Koskinen 2016

284 J. Hollway, J. Koskinen / Social Networks 44 (2016) 281–294

<1.5k
1.5k−20k
20k−146k
146k−4.5m
4.5m−8.6m
>8.6m

Fig. 1. Bilateral Fisheries Treaty Map: Bilateral fisheries agreements between states i and j (i, j ∈ A) are represented by a line following the shortest line from the midpoints
of  each state’s main territory around the earth’s curvature. States are coloured by the number of fish each state reports having caught.

the skewness is accounted for by the EU on the state side, and by
UNCLOS and other MFAs like it on the MFA  side. Tie-formation for
the very large MFAs is likely to follow processes different from the
endogenous tie-formation processes that apply to the other MFAs.
As mentioned above, the UN treaty UNCLOS, for example, includes
almost all states. For the purposes of analysis we thus treat ties of
these large MFAs as exogenous and fixed. We  identify the MFAs to
be treated as exogenous as those that have more than 20% of the
states as signatories.

Among the high-degree states we have a number of (pre-
dominantly) developed states with a central role in the fisheries
governance network. Some have a traditionally leading role, such
as France (70 ties), but all dominate and set the agenda for inter-
national fisheries and although there is a large dispersion in the
degrees among these actors, there is a clear distinction between
states with 20 or less ties (India top) and states with more than
20 ties (People’s Republic of China bottom). In lieu of account-
ing for this degree heterogeneity parametrically (Schweinberger
and Handcock, 2012) we exogenise extremely high degree nodes
(Robins and Lusher, 2013, 184), or “big fish”, to focus on “small fish”
(those with more common involvement patterns). We  thus develop
our research questions for the AB network with a view to explaining
the behaviour of the “small fish” given the established affiliations
of the “big fish” (cf. Lazega et al., 2008).

As with AA,  we include several salient covariates. First, we  con-
sider gdp as providing the capacity to enable states’ participation
in this network. Second, we investigate whether states having
many threatened species motivates their participation in this
network.

2.3. MFA  content similarity network – BB network

Multilateral treaties do not exist in a vacuum, but their con-
tent is conceived and negotiated in relation to other treaties,
and states select which multilateral agreements to join with rea-
sonable knowledge about how those documents interrelate (see
Jupille et al., 2013). The third network, BB,  consists of ties between
the MFAs. Like any complex document, multilateral treaties are
linked in many interesting and meaningful ways, including shared
authors, location, and date. However, one of the distinct features

of multilateral treaties is that, more than bilateral treaties, they are
responsible for the creation or codification of much international
customary law and its normative evolution (Carr and Scott, 1999;
Chalamish, 2009; Kim, 2013). The normative structures in which
such treaties are embedded are important for it is through their
normative interlinkages that multiple agreements complement or
come into conflict with one another (see e.g. Zelli and van Asselt,
2013). Here we  consider three main ways in which the comple-
mentary or conflictual relationship between multilateral fisheries
treaties can be expressed so as to make an informed choice of a BB
network.

First, since MFAs are seldom global (UNCLOS being an excep-
tion), whether two  treaties may  complement or conflict with one
another will depend first on whether they relate to the same geo-
graphic areas; in other words, whether they have the same or
similar scope. We  coded scope by combining information about
the geographic area MFAs operated in respect of from ECOLEX and
IEA. This constituted a network in which MFAs were related or tied
when they share a primary geographic area (coded to include dif-
ferent scopes such as the Baltic Sea or the High Seas). This resulted
in a dandelion structure that can be seen in the top left plot of
Fig. 4.

Second, MFAs often cite earlier MFAs in their preamble. As
with academic citations, there can be multiple motivations for
such referencing practices, including association with more popu-
lar treaties, validation for normative arguments, as part of a process
of cumulative law-making, or as an amendment or addition to con-
temporary international law. A similar network was used by Kim
(2013). Unlike Kim however, we follow Mitchell (2013) in includ-
ing all treaty types and rely in part on their classification of treaties
into distinct normative lineages with clear sequencing to construct
an agreement-amendment-addition hierarchy to the citation struc-
ture of these treaties. This was  complemented by the addition of
some ties through ECOLEX (2011). The result is a sparse network
of MFAs, often connected linearly with some branching as can be
seen in the centre plot of Fig. 4.

Third, MFA  texts often overlap in content. Treaties may  address
similar or quite different subject matter independently of whether
it occurs in the same lineage or refers to the same geographic area.
We are thus also interested in a relational network of how the MFAs



Cognitive social  
structure (CSS)
- Asks respondents to report on the structure of 

relations of others in the network from their 
point of view 

- Then similarities and discrepancies between the 
network as reported by individuals in the 
network is analysed 

- Or impacts of perceived social structure on 
outcome is considered, e.g. perceived 
influence/popularity

See Krackhardt 1987; Knoke 1998; Knoke et al. 2019

16



Ego’s Perception of Relationship  
Frequency and Valence

Case-ID Row # Name F V F V F V F V F V F V F V F V F V
1
2
3
4
5
6
7
8
9

Y10 Personal Network Structure

9
10

-2)
-3) Dislike each other

 2)
 3) Like each other

 1)
 0) Neither like or dislike

Valence        Frequency of Contact:               
1) Every day                                         
2) Several times a week                       
3) Once a week                                    
4) Once every two weeks                     
5) Once a month                                  
6) A couple of times a year                  
7) Once a year                                     
8) Less than once a year                     
9) Have never spoken                      .  

-1)

February 25, 2015 Chair of Social Networks at ETH 14



Snowball sampling
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Boundaries

- Relational approach (i.e. connected):  
- e.g. all “relations” connected socially to main/seed individuals  

- Event-based approach (i.e. attendance):  
- e.g. all “regulars” that go to the beach each day for 3 days  

- Positional approach (i.e. characteristics):  
- e.g. all “employees” employed by an organization



Missing data
- Unfortunately, even a small fraction of missing observations can 

be problematic 
- A single non-response in a large survey is 1 missing 

observation 

- But a single non-response in a network survey is  missing 
observations 

- It can significantly bias network structure 
- What do you do with missing targets? 
- Can skip how communities connected at the margin 
- Moreover, missing often not at random…

n − 1

De la Haye 2017
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Lesson #1: 
How data collected  

affects how data can be analysed



Demanding data
- Networks is demanding of data 

- But true of all attempts at providing persuasive 
evidence 

- Where data comes from crucial because:  
- how meaningful your descriptive or inferential 

conclusions depends on tie-data being 
meaningful 

- Most important lesson: always ask what a tie 
means 

- i.e. how can we interpret structures relationally

23
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Ask: what is at stake? 
What is the tie doing or for?



–Johnny Appleseed

“Type a quote here.” 



–Johnny Appleseed

“Type a quote here.” 



Networks and Culture
- structure long linked with culture (e.g. Berger and Luckmann, Bourdieu, Douglas) 

- 1970s “breakthrough” established social networks as method of 
structural analysis distinct from cultural analysis and Parsonian normative 
theory (Blau, White et al 1976) 

- today tentative reconciliation in different directions: 

- ties affect culture (Erickson, Krackhardt, Kilduff, Carley, DiMaggio) 

- culture affects ties (symbolic interactionalism/cultural sociology of Emirbayer and Goodwin, Lizardo, Daisy)  

- a duality understanding (Breiger 1974, White 1992, Mische, Fuhse)



Duality
- Sociology of culture explores duality of persons 

and groups, persons and cultural elements, etc. 

- Dualism: bifurcating to separate things into 
distinct categories 

- Duality: recognition that thing has another, 
inseperable side to it 

- I.e. we can understand a field of political action 
both from the perspective of politicians expressing 
beliefs but also beliefs affiliated to by politicians

Breiger 1974, Mohr and Duquenne 1997, Mische and Pattison 2000, Lee and Martin 2018

29



Freeman and White 1993, Ganter and Wille 1996

30

Formal concept analysis
- Takes as input a two-mode network, e.g. individuals (#) + events 

(letters) or documents + topics, etc 

- Galois lattice represents the partially ordered subsets of elements 
from the perspective of both modes, and can be visualised in a Hasse 
diagram 

- Reading down events included actors labelled at or below; EFGHIKL 
primary and contain most, CJ secondary (contained in E&L), 
ABDMN tertiary 

- Reading up actors participated in all events labelled at or above; 
1,2,3,4,13,14,15 primary, rest secondary except for 16 (tertiary) 

- ABCDE and JKLMN share no common actor; FGHI are ‘bridging’ 
events, with at least one actor from each, and 8 and 16 are in between



Multilevel Meaning

Socio-semantic networks: Roth et al 

Socio-ecological networks: Bodin et al 

Socio-organizational networks: Hollway et al 

Socio-political networks: Knoke et al



Lesson #2: 
Meaning matters
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- A network of prior knowing between class members? 

- A network of philosophers on Wikipedia influenced by other philosophers? 

- A network of kinship in a royal family over time? 

- A network of citations between articles on a topic for the past five years? 

- A network of co-citations between articles on a topic for the past five years? 

- A network of hyperlinks between NGO websites? 

- A network of keyword co-occurrences in texts? 

- A network of retweets (sic) between accounts/posts?

What do you think these ties mean?



Getting started
- Download and install R (click download R and then select closest 

mirror): https://www.r-project.org/ 

- Download, install and open RStudio (you don’t need to open R): 
https://www.rstudio.com/products/rstudio/#Desktop 

- Install migraph (you don’t need to install any other packages) by 
typing install.packages(“migraph”) or use point+click

https://www.r-project.org/
https://www.rstudio.com/products/rstudio/#Desktop

