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Network science is still a young discipline, it just emerged in the 

twenty-first century (Barabási, 2015)

But it has seen an explosive interest from social researchers

This popularity is explained by two main factors: 

The potential of network tools to shed light on the processes that 
underpin social relations;

The increasing availability of digital trace data, which provides the 

opportunity to map complex human interactions in an 

unprecedented scale. 

Network Science



Networks are basic representations of processes and capture 
the basic connections among those who take part of them 

The discipline of network science is devoted to 
understanding the underlying forces that drive those 
processes

Since the landmark paper by Granovetter (Granovetter, 
1973), social scientist mainly refers to this discipline as social 
network analysis and to the structures they analyze as social 
networks

Networks
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Node/Actor/Vertex: The “individual”

Tie/Line/Edge/Arc: The relationship between them

Matrix: An array of elements, rows and columns, that 
represent the relationships between nodes in the network

Edgelist: common use of representation of a graph by listing 
each of its dyads and their type of relation row by row. 

Attribute: characteristics of a node (e.g., race, gender, age, 
location, number of followers, network centrality scores….)

Key Terms in Network Analysis

Ann McCrannie, 2013



Size: Typically refers to the number of nodes (and edges) a 
network has.

Directionality: 
Directed (or Asymmetric): a relationship can flow in both directions 
Undirected (or Symmetric): the relationship by definition must be the 
same for both parties.

Value: 
Unweighted (binary): The tie is simply present or not (unvalued, 
unweighted) 
Weighted: There is a value attached to the ties

Key Network Dimensions

Ann McCrannie, 2013



Mode: 
One-mode : relationships between one type of actor
Two-mode: two types of nodes and relationship only exist between 
nodes of different type (individual and event; actor and film; employers 
and employees; minister and governments)

Multiplexity: Whether the relationship is of a single type, or 
whether there are multiple relations between the same actors

Time: Whether the data is cross sectional or time-dependent, 
”dynamic”

Key Network Dimensions

Ann McCrannie, 2013



Two-Mode to One-Mode 



Weighted & Unweighted  

Mukerjee, S., Majo-Vazquez, S., & González-Bailón, S. (2018). 



Organizational Networks
• One-mode network
• Undirected (symmetric)
• Unweighted (binary)



News Audience Networks

Mukerjee, S., Majo-Vazquez, S., & González-Bailón, S. (2018). 

• One-mode network
• Undirected (symmetric)
• Weighted



News Audience Networks

Mukerjee, S., Majo-Vazquez, S., & González-Bailón, S. (2018). 

Weighted & Unweighted 
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Micro Level (role identification) : We look at the 
individual properties of the nodes. 

The focus lies on single nodes and their specific positions 
within the overall structure; (node degree, betweenness, 
amongst other metrics).

(for more information on levels of analysis see Borge-Holthoefer & 
Gonzalez-Bailon, 2015). 

Levels of SNA
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Micro Level (role identification) : We look at the individual 
properties of the nodes. The focus lies on single nodes and their 
specific positions within the overall structure; (node degree, 
betweenness, amongst other metrics).

Macro-level: the focus is on the aggregation of node-level 
measures and their distribution (average degrees�k�, the 
range of the degree distribution P(k), the average path length L). 

Meso-level: one can account for the complexity of networks 
between the position of individual nodes and the relational 
properties of the groups where nodes are embedded 
(community detection and reduction techniques operate at this 
level)

(for more information on levels of analysis see Borge-Holthoefer & Gonzalez-Bailon, 2015). 

Levels of SNA



Core vs Periphery :

A network has a core-periphery structure when there is a subset 
of nodes that are very well connected to each other and to 
peripheral nodes (this would be the core); 
and another set of nodes that are well connected to the core, but 
not well connected to each other (these would be the periphery)

Network Reduction Techniques

Borge-Holthoefer, González-Bailón, 2014



Significant Ties 

Mukerjee, S., Majo-Vazquez, S., & González-Bailón, S. (2018). 

Filtered & Unfiltered (5e based filter) 



Community Detection

Newman, M.E.J (2012) Communities, modules and large—scale structure in networks . Nature Physics, 8



Network of Thrones

https://www.macalester.edu/~abeverid/thrones.html



Fragmentation in the News Production

Majó-Vázquez, S., Cardenal, S.A., González-Bailón, S.., 2017

Random Walk Algorithm
Directed 
& Weighted Network  



Generally helpful for research: big, always-on, and non-reac8ve 
Generally problema8c for research: 

incomplete, 
inaccessible, 
nonrepresenta8ve, 
dri<ing, 
algorithmically confounded, 
sensi8ve,
and dirty 

(Salganik, 2017)

Characteristics of digital trace data



Generally helpful for research: 

Big

always-on: real time events, unexpected events, emergency events. 
(problems with longitudinal studies)

and non-reactive : social desirability bias à tendency of people to 
present themselves in the best possible way

(Salganik, 2017)

Characteristics of digital trace data



Generally problematic for research: 

Incomplete: missing information on demographic characteristics; behavior on 
other platforms;
Inaccessible: data held by companies and governments are difficult to access
Nonrepresentative: data useful for within-sample comparisons; bad for out-of-
sample comparisons
Drifting: population drift (who uses it), usage drift (who they use it) and system 
drift (change in the system) make it hard to use bid data sources to study long-
term trends. 
Algorithmically confounded: systems highly engineered to induce specific 
behaviors
Sensitive: includes personal data; can be used to trace personal identities
Dirty: sophisticated spam or bots can make some political causes intentionally 
appear more popular

(Salganik, 2017)

Characteristics of digital trace data
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Let’s Practice ! 



Thank you ! 
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