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Abstract
Diffusion Processes are a widely researched topic of interest to different scientific domains. One of the most popular research
directions is Information Diffusion, pertaining how information spreads over a tightly connected network. From the modeling
perspective, many different approaches are known in the literature; however, in the visualization community, this still represents
an under-investigated problem. In this work, we present a succinct overview of the current state-of-the-art in Visual Analytics
techniques employed in representing and understanding diffusion processes happening over networks. We consider different
application domains and introduce a taxonomy that categorizes and provides structure to our selection of papers, fostering
further research in the field of Visual Analytics of Information Diffusion processes.

CCS Concepts
• Human-centered computing → Visualization; Visual analytics;

1. Introduction

With the term Diffusion Process we refer to a category of research
problems across many fields of research, including, e.g., the in-
vestigation of epidemic pathogen transmission [BPW∗21], or the
analysis of Information Diffusion (ID) in large social networks
[LFWT18]. Specifically, we are interested in the diffusion of infor-
mation over networks. A Network (or Graph) G consists of a set of
nodes (or vertices) V and edges E connecting them. An ID process
describes the propagation of information (e.g., pathogens, malware,
fake news) across a network or population, under the assumptions
of a diffusion model that encapsulates the high-level behavior of
the real phenomenon. Many such models exist (see, e.g., the survey
by Li et al. [LFWT18]). However, the use of Visual Analytics (VA)
in the context of ID is still a largely under-investigated research di-
rection. Even though there have been surveys on the use of VA in
ID, they primarily concentrate on VA tools within the application
context of social networks [CLY17].

Our Contribution. We broaden the scope beyond the limits of
social networks and investigate the state-of-the-art in VA of ID pro-
cesses across different research domains. We categorize the 26 col-
lected contributions in a taxonomy based on their main task, high-
lighting opportunities for further research, focusing on domain-
independent approaches.

2. Methodology

We conducted a thorough literature research with clearly defined
inclusion criteria. We aim at ID related papers that present a vi-
sualization to explore the progression of the process or the results

of a simulation. We include VA systems and exclude static visu-
alizations that offer no or limited interaction and do not enable an
in-depth exploration of data. We also consider approaches that use
data that inherently describes diffusion behavior, such as repost-
ing [YWL∗14] or citation networks [HSS∗20]. We also include epi-
demic models that do not necessarily require an underlying graph
structure but rather describe the diffusion process as a set of differ-
ential equations [MLR∗11]. This process resulted in a total of 26
selected contributions.

3. The Taxonomy

Since we have collected approaches from different application do-
mains, the categorization has to be suitable for this diversity and
offer a degree of generalization. For this reason, we decided to fo-
cus on the VA aspect and the main goal that it aims to achieve. We
look at what kind of tools are offered and to what extent the user
can interact with the diffusion process in question to reach a spe-
cific goal. Our taxonomy in Table 1 distinguishes alongside three
main criteria: (i) The visualization method, (ii) the main goal that
is achieved by the VA approach, (iii) and a set of additional utility
features provided by the VA system. In an iterative process, we ex-
tracted the following six main goals:
A - Diffusion Exploration Twelve of our collected approaches of-
fer an extensive toolkit for the exploration of diffusion networks to
unfold patterns, analyze trends, and detect key influencers. Meth-
ods that are presented in this section focus on the overall explo-
ration of diffusion processes via a diverse toolkit and provide a
comprehensive, often coordinated dashboard to assist in that goal.
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A variety of different visualization methods have been tried in this
context. Baumgartl et al. [BPW∗21] for example, leverage story-
line visualization to explore epidemic outbreak data.
B - Spread Simulation Besides the general exploration of diffusion
processes, some approaches focus on the simulation and prediction
of diffusion processes. Eight of our collected papers fall into this
classification. Half of them specifically apply to the domain of epi-
demic and pandemic response, three to social networks, and one
to the financial domain. We identify Node-Link and Map-based vi-
sualization to be the main methods. Map-based methods are espe-
cially popular in the domain of epidemiology.
C - Influence Maximization (IM) IM is an optimization prob-
lem that, given a network and a diffusion model, aims at find-
ing the smallest set of initial seed nodes that yields that largest
spread [LFWT18]. It is deeply connected to (B) as it requires a
model assumption (and simulations are required) but papers in this
category have a specific interest for the algorithmic aspect of IM
and ID, also due to its NP-Hardness. Arleo et al. [ADL∗22] and
Long and Wong [LW14] leverage VA and enable an in-depth ex-
ploration of IM models.
D - Influence Summarization For the summarization of time-
evolving influence graphs, Huang et al. [HSS∗20] propose new
edge summarization algorithms for nodes, edges, and the temporal
dimension to visualize the evolution of citation influence networks
with a tree-like flow map.
E - Model Comparison Vallet et al. [VKPM15] lay their focus on
the comparison of different diffusion models where the user can
formally describe diffusion models through a set of graph rewriting
rules and application strategies.
F - Anomaly Detection Zhao et al. [ZCW∗14] use machine learn-
ing algorithms to extract anomalies from a Twitter dataset. The
challenge and main focus here lie in distinguishing unconven-
tional patterns, like the dissemination of rumors or misinformation
(anomalies), from more traditional trends such as popular topics.

4. Takeaways and Conclusions

We presented a compact and structured overview of visualization
research on ID by categorizing contributions on their visualization
technique(s), main goal, and secondary tasks. From Table 1, it is
possible to see that the main visualization techniques employed de-
pend largely on the domain context (i.e., concerning the use of
maps). Node-link is also the most employed visualization tech-
nique, being intuitive and easy to comprehend. However, it can
quickly get cluttered, often requiring other accompanying visual-
ization techniques to scale up [ADL∗22]. Timelines are also fre-
quently used, due to the dynamic nature of diffusion phenomena.
Concerning tasks, (A) and (B) are the ones presenting the largest
amount of papers, suggesting more numerous un-investigated po-
tential research directions for the remaining categories (C-F). Con-
sidering additional tasks, comparison is the least investigated. This
work is intended as a starting point toward a formal characteriza-
tion of the ID problem in visualization and to raise awareness of
the more and less researched topics in this domain. A first step in
this direction could be the creation of a task taxonomy. This would
support research, development, and comparison of both general and
domain-oriented VA approaches that could be used to analyze and
explore complex ID processes in multiple application domains.
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[NYX∗12] A

[STP∗17] A

[HNWC23] A

[CCL∗17] A

[CCW∗19] A

[CLCY20] A

[MBB∗11] A

[WLY∗14] A

[SWL∗14] A

[DXZ∗14] A

[BPW∗21] A

[YWL∗14] A

[VLDBF15] B

[SRMV16] B

[ST20] B

[MLR∗11] B

[BGG∗11] B

[YDH∗17] B

[AME11] B

[LWY∗20] B

[ADL∗22] C

[LW14] C

[HSS∗20] D

[STTL15] D

[VKPM15] E

[ZCW∗14] F

Table 1: Taxonomy of all 26 contributions classified as in Section 3.
Pink cells refer to visualization methods that serve an auxiliary or
navigational purpose, red ones are used in main views.
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