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Related Work
- Comic characters analysis derives many techniques from the study of movie characters analysis, in which the dialogues 

and transitions are much harder to analyze. 

- Both were developed from Social Network Analysis (SNA), and they exhibit properties similar to real-world social 

networks like Facebook friendships network.

- Traditional comic networks assign each character as a node, and an edge exists between two nodes if they have spoken 

or interacted in the same scene.

- Degree centrality or eigenvector centrality was then established. Centralities were used as benchmarks to cluster 

characters into communities as major, minor, or extra characters. [2] Past studies typically assign nodes above or below a 

certain threshold of centrality as major or minor characters.



Limitation and Motivation
- Prior studies “manually” collect character interaction and scene transition data by organizing researchers and volunteers 

to watch the movies or read the comics. The final data was acquired by taking an average of all the responses.

- This process is error-prone because it relies on human judgement and requires extensive time and energy. [4] In 

addition, this is not feasible for large networks such as a series of comics. Further, they often have the oversimplified 

assumption that a network can be divided into two major communities.

- Motivation for our project: in real-world story writing, character and community relationships often develop over time. 

Current techniques of comic analysis often ignore the time component, and their approach of using simple centrality 

benchmark to cluster communities is not reliable for complex networks.

- Our methods will mainly focus on eigenvector-based methods for temporal network and using the Louvain algorithm 

for  community detection.



Dataset - General
● Marvel comics before 2002 [5]

● Nodes: heroes

● Edges: two heroes appear in same issue

○ Weighted - number of common issues



Visualization



Centrality Visualizations



Average Centrality Ranking

● We compute the Average Centrality Ranking as the average of the rank of the 4 centralities 



Dataset - Avengers
● Marvel comics - Avengers before 2002 [5]

○ Volumes 1, 2, 3

○ Annuals for years

● Eras [7, 8]

○ Silver age: 1961 - 1970

○ Bronze age: 1970 - 1984

○ Modern age: 1984 - 1997

○ Heroes relaunched: 1997 - 2004

● Nodes: heroes

● Edges: two heroes appear in same issue

○ Weighted - number of common issues



Temporal Networks 
   

Temporal Network:

a sequence of adjacency matrices, each of which represents a time layer of a network at a different point or 
interval of time, coupled together to form a multilayer network. 

   

We represent the sequence of 
network layers, which constitute 
time layers, as a continuous-time 
network in which one bins the 
network’s edges to form a 
sequence of time windows with 
interactions in each window 



Initial Visualization for 
Temporal Network

Time



Centrality of each layer of the Temporal Network



Community Detection
in Temporal Multilayer Networks

● Find communities algorithmically by 
optimizing “multislice modularity”

● GenLouvain Version 2.2 [6]
○ coupling = 0.5



Communities in Different Layers



Interpretation of Community Related to Comics







Silver Bronze

Node size is proportional to node centrality value
Node color corresponds to community partition



Heroes RelaunchedModern



Supracentrality Matrix Construction

   
For a temporal network with 
N nodes and T time layers. 

We require the set of nodes to be the 
same for all time layers. 

   

Notation:

● Centrality Matrix C(A): defined by some function of adjacency matrix A.

● Parameter ω: scales the weights of the interlayer coupling to control the strength of the connection between time layers. 

● Interlayer-adjacency T ×T matrix A ̃: where the entry encodes the coupling from time layer t to time layer t′.

Supracentrality matrix NT ×NT C(ω): 

It encodes two distinct types of connections: 

the layer-specific centrality entries {C(t)} in the diagonal ij blocks relate centralities between 

nodes in layer t; and entries in the off-diagonal blocks encode coupling between layers. [9]  



Joint vs Conditional Centrality

   

Joint centrality:  measure the centrality of each node-layer 
pair (i,t), the centrality of node i in time layer t, it reflects the 
importances of both node i and layer t 

   

   

Conditional centralities: measure a node’s centrality at time t 
relative only to the other nodes’ centralities in that particular 
time layer t 

   
After constructing supracentrality matrix, we compute and interpret the dominant eigenvector of C(ω) 



Results

Larger values of ω yield smoother 
conditional-centrality trajectories.

More temporal changes observed with small ω.

PageRank 
Centrality

Bronze age comprises more issues of comics, and 
experiences more interactions between heros.

Captain America still remains the most important hero.



   

Directed interlayer coupling 

higher joint centralities of earlier time 
layers in comparison to undirected 
coupling. 

Eigenvector 
centrality



Limitations of  Modularity maximization in temporal 
multilayer networks

1. Lack of interpretability 
2. Coupling parameter

a. The choice of coupling parameter
b. Uniform coupling may cause

misleading values of persistence



Limitation and conclusion

- We note a significant change in the modern era: comics have entered a “dark age” 
in which a shift in fan tastes steered productions to focus on dark heroes or anti-heroes 
such as Scarlet Witch or Wolverine. This stylistic shift also added vigilante elements to 
traditional characters.
- Although the modularity function is deterministic, we can’t guarantee a consistent 
solution due to how the algorithm searches the space of solutions when running the 
Louvain algorithm.
- Contrary to our anticipation, characters we believed to be minor roles in fact have 
higher centrality than some major characters.
- In addition, due to the limitation of time and resources, we weren’t able to label 
weights according to character relationships in a careful manner. Ideally, characters who 
are for example, siblings should be weighted more than characters who are just friends. 
However, this involves carefully reading the comic and observing character relationships, 
which were carried out by many sophisticated studies. 
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