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Fig. 1: Interface Overview (Cluster-level): (a) Cluster-level Propagation View, demonstrating the diffusion process of topics among
platforms; (b) Timeline View, for selecting a time frame and controlling the animation process of propagation; (c) Cluster-level Detail
View, listing the post and user information by topic and platform.

Abstract—Propagation analysis refers to studying how information spreads on social media, a pivotal endeavor for understanding
social sentiment and public opinions. Numerous studies contribute to visualizing information spread, but few have considered the
implicit and complex diffusion patterns among multiple platforms. To bridge the gap, we summarize cross-platform diffusion patterns
with experts and identify significant factors that dissect the mechanisms of cross-platform information spread. Based on that, we
propose an information diffusion model that estimates the likelihood of a topic/post spreading among different social media platforms.
Moreover, we propose a novel visual metaphor that encapsulates cross-platform propagation in a manner analogous to the spread of
seeds across gardens. Specifically, we visualize platforms, posts, implicit cross-platform routes, and salient instances as elements of a
virtual ecosystem — gardens, flowers, winds, and seeds, respectively. We further develop a visual analytic system, namely BloomWind,
that enables users to quickly identify the cross-platform diffusion patterns and investigate the relevant social media posts. Ultimately,
we demonstrate the usage of BloomWind through two case studies and validate its effectiveness using expert interviews.
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1 INTRODUCTION

Social media has become a part of daily life where users would share
life moments [50], express personal emotions [3], and discuss public
events [18]. Owing to diverse social media platforms, information
could easily spread among them, leading to an emergent research prob-
lem [29, 47, 67]. Understanding how information propagates across
different platforms could assist analysts in analyzing complex user
behaviors [43], designing effective marketing strategies [6, 19], and
preventing harmful content [20, 25, 46, 57]. Despite the existence of nu-
merous studies [7, 12, 56, 63, 74] that visualize information propagation
on social media, few have considered cross-platform propagation due
to its complex and implicit mechanisms.

To visualize information propagation, existing methods mainly
employ metaphor-based designs to illustrate the diffusion process
of spatial-temporal information on a social media platform (e.g.,



Weibo [12] or Twitter [7] 1). However, these visualizations may not be
able to reveal underlying data patterns without a deep understanding of
the cross-platform propagation mechanisms. We also notice that sev-
eral studies [4, 36, 39] have considered multiple social media platforms.
For example, TopicPanorama [36] investigates how to merge topics
extracted from different platforms into a unified graph. Others [4, 39]
merely leverage information from multiple platforms to gather com-
prehensive insights related to their topic of interest. To our knowledge,
visually uncovering propagation patterns across social media platforms
using the cross-platform mechanisms remains an unresolved issue.

In this study, our target users are experts in social media cross-
platform propagation analysis. We aim to empower them to analyze
the propagation situation and uncover meaningful insights interactively.
Accomplishing such a goal encounters three challenges:

C1. Deep understanding of cross-platform mechanism. The
driving forces behind cross-platform propagation can vary significantly
across different cases, resulting in diverse and complex propagation
patterns. Identifying and analyzing such patterns demands significant
effort and extensive professional knowledge, posing a challenging and
labor-intensive task.

C2. Probabilistic inference of implicit propagation. Information
spread within a platform is usually visible due to user interactions such
as reposting, commenting, and liking. However, these connections may
not be readily accessible in the context of cross-platform propagation,
complicating the inference of implicit propagation likelihood.

C3. Scalable visualization of multi-faceted information. Given
the huge volume of posts and the intricate dynamics of information
spread, a scalable visual design is required to effectively demonstrate
diffusion across various platforms. Furthermore, the visual design must
be comprehensive enough to support multi-faceted analysis, given the
complexity of the social media data.

To address the above challenges, we develop a novel visual analytic
system, namely BloomWind, to explore cross-platform information
diffusions on social media. To understand complex mechanisms (C1),
we collaborate with domain experts to systematically summarize cross-
platform diffusion patterns, analyze their underlying mechanisms, and
extract significant factors. Based on that, we introduce a cross-platform
influence model (C2) that incorporates content relevance and other
significant factors to estimate the likelihood of cross-platform informa-
tion diffusion at the topic/post level. Moreover, we propose a novel
visual metaphor to provide a vivid and multi-faceted representation of
cross-platform diffusion (C3). Specifically, we employ “overview +
detail” lenses and a hierarchical design based on text clustering. After
doing text clustering on all posts, each topic cluster is further split based
on the different platforms to which the posts belong. Subsequently, the
propagation likelihood is calculated among the clusters belonging to the
same topic. A social media platform is visualized as a garden and each
cluster is represented by a flower that encodes the basic information of
the cluster and propagation factors. Upon concentrating on a specific
propagation path across platforms, the two corresponding clusters are
magnified into detailed circular gardens, where each post is visualized
as a flower or a dot. The cross-platform propagation is thereby visu-
alized as a breeze blowing seeds across different gardens. We finally
demonstrate the usage of BloomWind through two real-world case
studies and validate its effectiveness by conducting semi-structured
interviews with domain experts.

Our contributions are summarized as follows:
• We systematically summarize the cross-platform patterns with

professionals and propose a novel influence model that estimates
the potential for information to spread across platforms.

• We propose a novel visual metaphor for vividly illustrating cross-
platform information diffusion and develop a visual analytic
system to facilitate cross-platform propagation analysis.

• We hold two case studies on real-world datasets to indicate how
to discover effective propagation insights and introduce expert
interviews to validate the effectiveness of our system.

1Currently known as X, but for the sake of familiarity, we still refer to it as
Twitter throughout the paper.

2 RELATED WORK

This section introduces a detailed literature review of information diffu-
sion on social media and relevant visual analytic studies.

2.1 Visual Analytics on Information Diffusion
Various visualization methods reveal information diffusion from dif-
ferent perspectives, including messages’ diffusion network, people’s
reposting network, and geographic information diffusion [13]. Stud-
ies on the messages’ diffusion network explore methods to visual-
ize information propagation efficiently and understandably. Some
focus on depicting a post’s reposting tree with enhanced node-link
diagrams [1,31,48,62,69]. R-Map [12] and E-Map [10] improve these
ideas through map-like metaphors to present Weibo posts and repost-
ings during an event. Ripples [58] employs a balloon graph layout to
show the sharing process of all posts containing a specific link. Liu
et al. [35] combined an uncertainty glyph with a node-link diagram to
depict hashtag propagation. River-like visualizations are also widely
utilized to present temporal information diffusion [56, 59, 63, 66, 74].
Some other works focus on visualizing the performance of diffusion
algorithms and models [5, 52, 65].

Studies on people’s reposting networks visualize user interactions
based on reposting and commenting, using improved node-link dia-
grams and river-like visualizations. Yuan et al. [70] used node-link
diagrams to uncover repost paths among users, helping identify key
players and their roles. D-Map [11] leverages a map-based ego-centric
visualization to show people’s involvement in a message diffusion pro-
cess. Shareflow [23] employs a circle layout with edge bundling to
illustrate diffusion paths from opinion leaders to followers, as well
as the activities of active users around a specific topic. To assess the
potential threats of an anomalous user, TargetVue [8] combines user
activity threads into a volume circle view, which helps illustrate how
the user’s messages are reacted to by others. Liu et al. [37] proposed a
fluid dynamics-inspired visualization technique to facilitate the com-
prehension of users’ retweeting behaviors for different topic categories.
To analyze the overall dynamic patterns of Twitter accounts in a spe-
cific event and identify pivotal moments, GraphFlow [16] enhances
the comprehensive flow view with a filtered graph view. Additionally,
studies on geographic information diffusion integrate maps to visualize
spatial patterns of diffusion [7, 22, 42, 55, 62].

However, the aforementioned works merely focus on diffusion
within a single platform, leaving the problem of effectively visualizing
cross-platform information propagation unresolved. These studies pri-
marily rely on reposting or commenting relationships between users or
posts, while cross-platform propagation relationships require additional
multi-faceted information to substantiate existence and demonstrate
patterns. Although several multi-platform visualizations [4, 36, 39] can
be used to infer cross-platform diffusion indirectly, they lack a focus on
the direct, systematic, and comprehensive revelation of cross-platform
relations. In our work, we provide a visual analytics system with a
novel visual metaphor that depicts cross-platform information propaga-
tion as the spread of seeds across gardens. Each platform is visualized
as a garden, implicit propagation routes as winds, and salient instances
as seeds. With this metaphor, we consistently reveal cross-platform
diffusion patterns and mechanisms in a visually intuitive manner.

2.2 Propagation Analysis of Social Media
Social media platforms offer a huge space for information diffusion.
Extensive research has been undertaken on three primary objectives:
modeling and explaining this process [14, 20, 22, 25, 26, 28, 38, 41,
43, 46, 55, 56, 60, 61, 63], predicting and simulating the diffusion pro-
cess [9, 15, 17, 24, 27, 30, 32–34, 37, 44, 49, 51, 53, 68, 71–73], and
detecting anomalous diffusion patterns [54, 74]. Gravity model [55]
and influence model [63] have been utilized to approximate the propaga-
tion process. Sun et al. [56] proposed a co-opetition model to quantify
the competition and cooperation between topics and the influence of
topic leaders in this dynamic. Infectious disease models [17, 73], agent-
based models [44], regression-based models [34], and hydrodynamic
models [24, 37] are well-established models for simulating information
propagation, taking into account the influence of individual behavior



and interaction within the simulation environment. Researchers have
also identified several key factors crucial for diffusion to expand and im-
prove these foundational models, such as salience of information [13],
recency effect [63], and opinion leader’s influence [24, 28].

Several explorations have delved into cross-platform information
diffusion. Some choose to employ multi-layer networks [53, 72] for
simulation to help understand how different platforms interact and fa-
cilitate information dissemination. In situations requiring detailed case
analysis, the previously mentioned approach encounters limitations in
accuracy and interpretability, leading researchers to primarily adopt
alternative methods. Lu et al. [38] introduced a semi-automated method
for the quantitative analysis of pandemic-related information flow from
Twitter to Weibo. Additionally, other research mainly relies on the
detection of common URLs or identification of cross-platform user
relationships [14,20,25,43,46,61,64], to unveil specific cross-platform
dissemination scenarios. However, due to the absence of a systematic
summary of cross-platform diffusion patterns, existing efforts are not
enough to achieve comprehensive analyses despite the precise iden-
tification of cases under some specific patterns. Moreover, a lack of
effective human-machine collaboration results in a considerable hu-
man workload. We build our cross-platform diffusion model based on
the significant factors extracted from our comprehensive analysis of
cross-platform diffusion patterns and their underlying mechanisms.

Table 1: Cross-platform diffusion patterns.

Type of pattern Types of mechanisms
Among same-entity
accounts

Operational needs
Experimental needs

Driven by account
positioning

Relaying / News / Media account
Fan account
Subsidiary work / Functional account

Driven by content
Aroused with the desire to share or express
Promotion task
Content extension

3 CROSS-PLATFORM DIFFUSION PATTERNS

In this section, we worked closely with three domain experts: a pro-
fessor specializing in media and communication, and two senior re-
searchers with over a decade of experience in propagation analysis.
To understand cross-platform diffusion patterns and their underlying
mechanisms, we first presented online questionnaires for our collabora-
tors, investigating the general workflow of propagation analysis. We
followed the professor’s suggestions to introduce patterns and mech-
anisms of cross-platform diffusion. The professor recommended a
detailed analysis of patterns in real-world examples. We collected cross-
platform diffusion instances based on the data supplied by our collabo-
rators, sourced from popular platforms, including Weibo, Douban [2],
Twitter, Facebook, and Reddit. We organized bi-weekly meetings with
the senior researchers to discuss our ongoing instance collection and
analysis. In our regular meetings with the professor, we focused on
the characteristics of these instances. We shared preliminary findings,
and the professor provided insights into potential mechanisms and
judgment criteria. Consequently, we reach the following conclusions
shown in Tab. 1. There are three primary patterns of cross-platform
diffusion: diffusion among same-entity accounts, diffusion driven by
account positioning, and diffusion driven by content.

3.1 Diffusion among Same-entity Accounts
Users who maintain accounts on multiple social media platforms of-
ten share information across these platforms. There are two primary
needs associated with this type of diffusion: operational needs and
experimental needs. For operational needs, many individuals and or-
ganizations nowadays maintain accounts on multiple platforms as a
strategy to broaden their influence. Mostly, they share similar informa-
tion across platforms, but occasionally adjust their expression strategies

to fit each platform’s context. For the latter one, users may initially
test various message diffusion effects on a less significant platform
before implementing the successful ones on the target platform. For
example, during the 2016 U.S. presidential election, the Internet Re-
search Agency appeared to test content on Reddit to determine the most
effective messages for propagation on Twitter, as investigated by Lukito
et al. [40]. To detect diffusion among accounts from the same entity, it
is crucial to identify accounts with similarities in user information, such
as usernames, self-descriptions, and validation details. Furthermore,
this diffusion primarily occurs within influential accounts, which are
distinguishable by follower count and engagement metrics on posts.

3.2 Diffusion Driven by Account Positioning
Some accounts pay close attention to certain information on other
platforms, resulting in frequent cross-platform propagation activities.
These accounts fall into three categories: relaying/media/news ac-
counts, fan accounts, and subsidiary work/functional accounts. Re-
laying/media/news accounts monitor and amplify specific information
from various platforms. Relaying accounts copy viral news across
platforms to maximize audience reach. Media accounts, managed
by professional media outlets or individuals, often share reliable and
well-articulated content from other platforms. News accounts focus
on rapidly spreading breaking news, prioritizing speed over source
reliability and detailed expression. Fan accounts typically center on a
specific individual or subject, frequently sharing updates about their idol
sourced from other platforms. Fan accounts not only show admiration
for their idols but also play a crucial role in cultivating and engaging the
fan community on the platform. Subsidiary work/functional accounts
often convey messages on behalf of their organizations. For example,
the Weibo account of the U.S. Embassy in China serves as a channel
for important communications, regularly conveying messages posted
by the U.S. President and the Ambassador on Twitter. To detect this
pattern, user information like usernames, self-descriptions, and valida-
tion details is useful for account positioning. Behaviors like sharing
message sources to enhance credibility are also typical. Additionally,
these accounts are often influential on their platforms, reflected by
follower count or engagement metric.

3.3 Diffusion Driven by Content
Content-driven cross-platform diffusion follows a more irregular pat-
tern, as individuals spread content across platforms due to its appeal.
Generally, it can be divided into three categories: the desire to share
or express, promotion tasks, and content extension. People usually
share or express their ideas when they are captivated by the content.
Upon finding something interesting on other platforms, they would be
likely to share similar information on a familiar platform. They may
also integrate their own thoughts into the original content or simply
add words to stimulate discussions among their audience. For instance,
some people on Twitter expressed their ridicule towards the notion
circulating on Reddit that the offline sales of singer Lucas’ album are
struggling. Expressing a positive attitude is also common, which can
be explained by the selective exposure effect. People spread infor-
mation across platforms to endorse it or cite original information as
evidence supporting their viewpoints. Some people share content from
another platform as a promotion task, aiming to direct attention or gar-
ner support for the original content. For example, the Weibo user ‘Light
years drunk with tea’ posted a message recommending the content of a
Douban post and provided its URL, encouraging everyone to come and
support it. Similarly, the Twitter user ‘RSK XFM Remastered’ wrote
a post, hoping the audience support a Reddit post where a URL was
also attached. Additionally, embedding another post’s URL is also a
common practice to enrich detail and extend content. When a post on
another platform articulates a point clearly, users often prefer to provide
its URL rather than replicate its content entirely. Varied expression
styles on different social platforms further motivate this mode. For in-
stance, Twitter posts are typically brief, whereas posts on Reddit can be
lengthier and more formal. It is common for a Twitter post to direct its
readers towards a Reddit post, as observed in many cases. To detect this
pattern, specific URLs or indicative words within the post content can



be helpful. Additionally, the poster’s level of activity on their platform
and interest in the original content can be inferred from their historical
behavior information, which may include instances of cross-platform
content sharing. Generally, the original content capable of catalyzing
cross-platform propagation already possesses an established audience
base on the target platform. This means that on the target platform, the
relevant topic not only has a certain discussion heat but may also reveal
a relatively clear attitude tendency.

4 CROSS-PLATFORM INFLUENCE MODEL

This section introduces a novel influence model that estimates the
likelihood of cross-platform propagation at the cluster and post levels.

4.1 Significant Factors
According to Sec. 3 and literature reviews, we identify several signifi-
cant factors for estimating cross-platform propagation likelihood.

Information Salience. Diffusion capacity increases with the number
of posts. A hot topic is more likely to spread between platforms [55].

KOL Influence. KOL means Key Opinion Leader. As confirmed by
our collaborators, influential accounts and posts within the platform are
more likely to be shared outside [38]. Katz et al. [28] proposed a “two-
step flow” propagation theory, showing the ability of opinion leaders to
spread information to broad audiences. The effect of influential ones
has been utilized and proved in many propagation studies [24, 56, 60].

Recency Effect. Recently encountered information can have more
influence on audiences than the old ones. The massive amount of
information on social media makes this effect particularly evident
during information diffusion [30, 41].

Content Relevance. When posts contain content that exhibits some
degree of relevance, the likelihood of cross-platform diffusion between
them increases. For instance, many URL-based re-posting behaviors
can reveal the cross-platform connection between posts, as demon-
strated by Murdock et al. [43] and further supported in Section 3. This
relevance can also manifest through similar linguistic patterns, as users
tend to assimilate information that displays linguistic similarities to
their prior exposures [55, 56].

User Relevance. Our results in Sec. 3 indicate that cross-platform
diffusion, whether motivated by account positioning or occurring
among same-entity accounts, consistently shows a strong correlation
between the source account, which initially posts the content, and the
target account, which propagates the content on a new platform.

History Relevance. Historical behavior information can reflect ac-
count habits. When two accounts share similar interests, consistently
discuss some topics, or have established cross-platform propagation
relationships, the probability of ongoing interactions increases.

4.2 Cluster-level Cross-platform Propagation Likelihood
To track cross-platform information diffusion over time for a specific
event, Bertopic [21] is adopted to divide posts into topic clusters {C(h)},
where h represents the topic. Each topic cluster C(h) is divided into
{Cx(h)} by platform x, and C j(h) is further divided into {C j,t(h)} by
time period t. Considering content relevance in diffusion, we assume
that cross-platform diffusion occurs between clusters of the same topic
on different platforms. Consequently, we calculate the ability of topic
h to propagate from platform i to platform j during period t, denoted as
Pt

i
h−→ j

. We define the cluster-level cross-platform propagation likelihood

as follows:
Pt

i
h−→ j

= 1− e−S−K ∗E (1)

where S, K, and E represent information salience, KOL influence,
and content relevance, respectively. This formula is inspired by the
principles in infectious disease models. S corresponds to the basic
transmission rate, reflected by the number of posts. K corresponds to
source strength, reflected by engagement metrics and follower count.
E corresponds to the contact rate, reflected by content similarity and
content associations implying diffusion. These factors are computed
from various variables (see Tab. 3) arranged by their positive or negative

Table 2: Explanations of notations used in the model.

Table 3: Computing methods for the significant factors.

correlation with the factors. The use of +/- is to avoid non-linear rela-
tionships and to enhance interpretability. The weights of the variables
are determined based on empirical observations from small-scale data.
The explanations of notations are in Tab. 2. Considering the recency
effect and propagation time cost, we assume posts published during
period t could be propagated from posts published during [t −∆t, t],
simplified as t − 1. For detailed weights and specific calculations of
each variable, please refer to the supplementary material.

4.3 Post-level Cross-platform Propagation Likelihood
The cluster-level propagation likelihood provides an overview of a
topic’s cross-platform diffusion. Subsequently, within the same topic,
the propagation likelihood between two posts on different platforms is
calculated. To approximate the cross-platform propagation likelihood
from one post T to another post W within the same topic, several factors
are utilized to define the following formula:

PT→W = max

(
Direct(TpostURL,Wtext),1− e

− CR+UR+HR
1+0.2(t(W )− t(T ))

)
(2)

In Eq. 2, Direct(TpostURL,Wtext) checks if the content of W contains
the URL of T , which is regarded as a direct sign of propagation. The



combination of other factors is inspired by the principles in infectious
disease models. CR is the content relevance between T and W . U(T ) is
the account that posted T . UR and HR represent the user relevance and
history relevance between U(T ) and U(W ), respectively. t(W ) is the
publication time of W , and t(W )− t(T ) quantifies the recency effect.
These factors are computed from various variables (see Tab. 3) arranged
by their positive or negative correlation with the factors. The weights
of the variables are determined based on empirical observations from
small-scale data. For detailed weights and specific calculations of each
variable, please also refer to the supplementary material.

Estimate the type of diffusion. Our model is also able to
identify the type of cross-platform diffusion pattern with the fol-
lowing logic: if Sim(Uuserinfo(T ),Uuserinfo(W )) is very large (0.5
in our case), then it is a diffusion among same-entity accounts; if
Sim(Uuserinfo(T ),Uuserinfo(W )) is relatively large ( [0.3, 0.5) in our
case), or it is not an ordinary account, or the source platform-related
words appear in the user information, then it is a diffusion driven by
account positioning; Otherwise, it is a diffusion driven by content.

5 VISUALIZATION DESIGN

This section introduces the visualization design of BloomWind. To
clarify requirements, we conducted semi-structured interviews with our
collaborated experts. They helped us understand their routines, primary
concerns, and practical needs while doing cross-platform diffusion anal-
ysis. Based on the interview, we summarized the design requirements
to design our visual analytics system as follows.

R1. Support hierarchical exploration. Considering the large
amounts of posts on the internet, experts prefer to see the overall
diffusion situation before delving into specific details.

R2. Organize posts into topics. Multiple topics emerge within a
single event. Experts are interested in analyzing the differences between
topics during the same period and answering questions like which kind
of topics are more likely to be spread out.

R3. Demonstrate the temporal dynamics of propagation. Besides
vertical comparisons within the same time frame, experts are also keen
on analyzing how propagation patterns evolve, through which they can
dig out the propagation story line by line.

R4. Support detailed analysis of significant factors. Besides the
observation of the cross-platform information diffusion phenomenon,
the experts are more interested in analyzing the driving mechanisms
behind it. Therefore, they would like to see the encoding of significant
factors used in the calculation of propagation likelihood.

R5. Visualize bi-directional cross-platform propagation. The
experts are particularly interested in the information exchange between
platforms. They seek to determine whether, within a specific event and
time frame, a dominant platform emerges or if a multi-polar pattern
develops, with several platforms simultaneously importing and export-
ing information. Their focus is on understanding the intricacies of the
information ecosystem created by these inter-platform exchanges.

R6. Demonstrate propagation in an intuitive manner. The experts
expect the system to illustrate the where, when, how, and why of cross-
platform propagation vividly and clearly.

5.1 Interface Overview
BloomWind is designed to illustrate and facilitate the analysis of cross-
platform diffusion among posts related to an event. Fig. 1 illustrates
the interface of BloomWind, composing three views: Propagation
View (see Fig. 1a), Timeline View (see Fig. 1b), and Detail View (see
Fig. 1c). Users first select the desired event and platforms, then
Timeline View (see Fig. 1b) shows the variation in posting volume on
each platform over time. According to R3, this view also supports
the selection of time frames (see Fig. 1(b1)) and animation control
(Fig. 1(b2)). Following the selection of a time frame, Detail View (see
Fig. 1c) and Propagation View (see Fig. 1a) present the topic clustering
results and propagation abilities at the cluster level (R1). Specifically,
Detail View lists the posts’ and users’ detailed information organized
by topic clusters (R2). The Propagation View presents the cluster-
level propagation across platforms with a metaphor-based visualization
(R4, R5, R6). After grasping the overall diffusion situation between

Fig. 2: Interface Overview (Post-level). (a) Post-level Propagation View:
the diffusion of posts related to a topic between platforms; (b) Post-level
Detail View: topic-related posts and user information by platform, along
with historical relevance data for the focused post pair.

Fig. 3: Cluster-level Flower Glyph Design. A cluster-level flower glyph
represents a cluster of posts related to a topic published on a platform
during a period. The encodings and interactions are designed to learn
about the cluster quickly. Petals’ color (i.e., sectors) matches the plat-
form’s color. The inner circle’s radius encodes the number of posts in
this cluster, with two semicircular rings around it whose angles encode
the number of influential users and number of influential posts in cluster.

topic clusters across different platforms, users can right-click on the
propagation path between a cluster pair to explore their cross-platform
propagation at the post level (see Fig. 2). Once switching into the post
level, Detail View (see Fig. 2b) would adjust contents in coordination
with Propagation View (see Fig. 2a). Additionally, our system applies
uniform color coding, where information about a platform is encoded
in the same color scheme: Twitter is denoted by the color blue, Weibo
by orange, and Facebook by green.

5.2 Propagation View
To better demonstrate and explain the cross-platform propagation (R4,
R5, R6), Propagation View visualizes social platforms, posts, implicit
cross-platform routes, and salient propagation instances as elements of
a virtual ecosystem, including gardens, flowers, winds, and seeds.

5.2.1 Cluster-level Glyph Design
In the cluster-level analysis, a flower-shaped glyph represents a cluster
of posts related to a specific topic published on a platform within a
certain time frame. As shown in Fig. 3, the cluster-level flower glyph is
designed to encapsulate the overall situation of the cluster and visually
encode factors that influence its propagation potential.

Encoding. The flower-based glyph is adapted from the Nightingale
rose chart( [45]), and the outer radius of these glyphs is uniform. The
color of the petals (i.e., sectors) corresponds to the platform’s color, and



their number equals the days with topic-related posts in the selected
time frame. To clarify the start and end date, we use a vertical black
line between the petal representing the earliest date and the one for
the latest date. Users can understand the chronological changes in
posting activity by following a clockwise direction. The length of each
petal encodes the daily posting volume about this topic on the platform.
We also highlight the influential posts by layering them with a darker
color stack. The radius of the inner circle encodes the total number of
posts in this cluster, with two semicircular rings around it whose angles
encode the total number of influential posts and the total number of
influential users in the cluster. One dot inside the inner circle represents
one post, with its color reflecting the sentiment of the post.

Interaction and Layout. Clicking on a petal reveals a representative
post on that day. Clicking on the inner circle reveals the representa-
tive word cloud of this cluster. We use hexagonal grids to place the
glyphs, with each glyph placed in the center of a hexagon. To enhance
the proximity of glyphs within the same platform, glyphs from differ-
ent platforms are arranged in distinct directions, with each platform’s
glyphs organized in a honeycomb clustering style.

5.2.2 Cluster-level Cross-platform Propagation Path Design
We visualize propagation paths (see Fig. 1(a6)) to demonstrate the cal-
culation results of cluster-level cross-platform propagation likelihood.

Layout. We use a hexagonal grid-based algorithm to lay out the
propagation path from the source glyph to the target one. To determine
the paths between the flower glyphs under the same topic, we use a
modified Breadth-First Search (BFS) algorithm to make edges along the
points in the hexagonal grids. Starting from the source hexagon, we first
find its vertex closest to the destination hexagon. The subsequent path-
finding process is as follows: we aim to maximize segments that share
the same line of hexagons when pursuing the shortest path, considering
aesthetics and neatness. Consequently, for each computed path, we
increase the incentive value of each hexagonal grid vertex it passes
through, ensuring that vertices with higher incentive values are given
priority in subsequent path calculations.

Encoding. We use the width of the path to encode the magnitude of
propagation likelihood. Since our propagation likelihood is directional,
we display the direction with the higher propagation likelihood. The
color of the path is encoded using the source platform’s color.

Interaction. Clicking on the animation control button (Fig. 1(b2))
can show the dynamic process of all the paths sequentially. Hovering
over a propagation path will illuminate it, enhancing its visibility. Left-
clicking on the path reveals some salient propagation instances used to
calculate this propagation likelihood. As illustrated in Fig. 1(a5), upon
left-clicking, three seeds will emerge on the path, each representing
a type of notable cross-platform cases: the source and target post
including a common URL, the target post including the source post’s
URL, and the target post containing some specific reference to the
source post. After checking the cluster-level propagation situation,
users can right-click on a path to explore the propagation relationship
between these two clusters at the post level.

5.2.3 Post-level Design
The post level concentrates on the post-to-post propagation between
two clusters of the same topic on different platforms (see Fig. 2).

Encoding and Layout. Each cluster is visualized as a circle, with
posts in it using bubble chart layouts (Fig. 2(a1)). The encoding of a
post is based on its influential metric (Fig. 2(a2)). If its post engagement
index or number of followers exceeds a threshold, then the post is visu-
alized as a flower whose size is directly proportional to the influential
metric. Its inner circle’s color represents the post’s sentiment. Other-
wise, a post is represented as a dot, whose color represents the post’s
sentiment. Users can adjust the thresholds through the control strips
(Fig. 2(a3)). Between clusters, cross-platform paths extend from one
post to another, with their width encoded by post-level cross-platform
likelihood. The system only displays paths that have a considerable
width with edge bundling. As users adjust thresholds, less significant
paths are filtered out. When dragging the control strips to the rightmost
position, only the most significant paths are visible on the screen.

Interaction. Clicking on the post’s symbol (a flower or a dot) shows
its detailed content (Fig. 2(a4)). Clicking on the animation control
button (Fig. 1(b2)) shows the dynamic process of all the paths sequen-
tially. Clicking on a propagation path shows the details of this post pair
(Fig. 2(a5)). The two posts’ information is displayed in parallel for easy
comparison, with specific propagation words and similar contents like
hashtags and URLs highlighted. The cross-platform diffusion pattern of
this case identified by our model is also directly displayed. Meanwhile,
the history information of these two posts’ posting accounts is shown in
the ‘History Relevance’ module in Detail View, including their history
posts (see Fig. 2(b1)) and interest distribution (see Fig. 2(b2)).

6 EVALUATION

We validate the effectiveness of BloomWind through two case studies
and expert interviews. As the party that raised the requirements with-
out engaging in solution development, our domain experts could help
conclude whether the requirements were satisfied. We also interviewed
a computer scientist and an industry engineer to collect their feedback
on usability and effectiveness.

6.1 Case Studies
To evaluate BloomWind, we invited our domain expert to conduct two
case studies about two events, namely Nuclear Wastewater Pouring
and the U.S. Presidential Election. The Nuclear Wastewater Pouring
dataset was collected from Twitter and Weibo, with 1445 tweets and
2948 Weibo posts from April 20, 2021 to December 10, 2023. The
Presidential Election dataset was collected from Twitter, Weibo, and
Facebook, with 783 tweets, 1875 Weibo posts, and 172 Facebook posts
from August 10, 2023 to March 25, 2024. The data was collected using
keywords like “japan wastewater”, “primaries trump”, etc.

6.1.1 Nuclear Wastewater Pouring
In this case, the expert explored the information diffusion between
Twitter and Weibo related to the nuclear wastewater pouring event
(a Japanese government’s plan to release treated nuclear wastewater
from the Fukushima nuclear plant into the sea). BloomWind provides
an overview of cross-platform propagation whose topics and patterns
evolve along the timeline (see Fig. 1).

Browsing Timeline View, the expert can see a distinct “peak” (see
Fig. 1(b1)) during late August 2023, indicating that the platforms had
a very hot discussion about this event during this period. Selecting
this time frame, according to the Detail View (see Fig. 1c), seven
main topics were discussed, namely, “240_china_nuclear_pollution”,
“cooling_water_nuclear_wastewater”, “70_billion_japan_water”,
“sue_TEPCO_japan”, “south_korea_nuclear_discharge”, “radioac-
tive_pollution_japan_sea”, and “treatment_japan_waste_nuclear”. The
Propagation View (see Fig. 1a) shows the mutual diffusion pattern.
It showcases how certain topics propagated from Twitter to Weibo,
whereas others followed the reverse path.

Wider pathways reflected the topics with greater potential for cross-
platform propagation, which caught the expert’s attention first. The
topic “240_china_nuclear_pollution” (see Fig. 1(a1)) had a strong
propagation likelihood from Weibo to Twitter. BloomWind is helpful
in quickly understanding the main content of the topic cluster. By
reading the representative word cloud, the representative posts (see
Fig. 1(a2)), and conducting a cursory scan of the post list, the expert
identified that the discussions within the “240_china_nuclear_pollution”
cluster primarily revolved around the estimated 240-day journey
of Japan’s nuclear wastewater to reach China. The Weibo glyph
“240_china_nuclear_pollution” (see Fig. 1(a3)) represented an interest-
ing diffusion pattern, with only influential posts written by influential
accounts involved at first. Subsequently, an increasing number of influ-
ential accounts joined the discussion, attracting many ordinary accounts.
As the event’s popularity waned, the presence of influential accounts
significantly decreased, and the activity level of ordinary accounts also
declined. This seemed like a topic that could spread between Twitter
and Weibo, therefore the expert right-clicked on this propagation line to
access more detailed information. He observed that the most significant
post-level propagation paths demonstrated a clear trend from Weibo to



Fig. 4: Post-level Discoveries of Nuclear Wastewater Pouring (I). (a)
Topic “240_china_nuclear_pollution”: About the estimated 240-day jour-
ney of Japan’s nuclear wastewater to reach China. It had a clear trend
from Weibo to Twitter driven by relaying accounts. (b) Topic “cool-
ing_water_nuclear_wastewater”: About the difference between cooling
water and nuclear wastewater. It mainly diffused from Twitter to Weibo
driven by news accounts and content. (c) Topic “sue_TEPCO_japan”:
About Japanese people suing Tepco over nuclear wastewater. It show-
cased bidirectional propagation driven by media accounts and content.

Twitter (see Fig. 4(a)). Clicking on some significant propagation paths,
he found a clear diffusion pattern driven by the positioning of relaying
accounts based on the high degree of textual similarity (see Fig. 4(a1)).
The topic “cooling_water_nuclear_wastewater” (see Fig. 1(a4)) was
about the difference between cooling water and nuclear wastewater. As
the largest topic cluster during this period, with many influential users
and posts involved, the expert assessed that this topic possessed strong
cross-platform propagation potential. The seeds on its cluster-level
propagation path unveiled salient instances of cross-platform propa-
gation, with many Weibo posts mentioning ‘Twitter’ (see Fig. 1(a5)).
Its post-level propagation paths, mainly from Twitter to Weibo, re-
vealed some interesting patterns (Fig. 4(b)). Certain news accounts
on Weibo reported the debate between two Twitter users about this
topic, attracting some attention within Weibo (see Fig. 4(b1)). Mean-
while, certain Weibo users expressed their disapproval of the tendency
among many Twitter users to conflate two distinct types of water (see
Fig. 4(b2)). Based on their wording and account information, the expert
inferred that they were ordinary users. Their behavior exemplifies a
typical instance of cross-platform diffusion driven by content, where
people chose to express their thoughts on Weibo instead of on Twitter

Fig. 5: Post-level Discoveries of Nuclear Wastewater Pouring (II). (a)
Topic “south_korea_nuclear_discharge”: About Korea’s reactions to-
wards the nuclear wastewater pouring event. It revealed bidirectional
propagation driven by same-entity and media accounts. (b) Topic “70_bil-
lion_japan_water”: About Japan’s 70 billion yen public relations budget
for nuclear sewage discharge. It showed a clear diffusion from one
Weibo account to multiple Twitter accounts driven by content and media
accounts. (c) Topic “japan_dead_fish”: About a mass of dead fish off
the coast of Japan. Its cross-platform diffusion showed an interesting
export-to-domestic sales mode driven by news accounts.

since more users on Weibo supported their standpoint. Similar account
positioning-driven patterns occurred in the topic “sue_TEPCO_japan”
(see Fig. 4(c)), where some media accounts enthusiastic about this topic
(Japanese people sued TEPCO) continuously reported related informa-
tion across platforms (see Fig. 4(c1)). Content-driven patterns were
also detected automatically and validated by the expert (see Fig. 4(c2)).

The cluster-level propagation paths of other topics were relatively
narrow, so the expert chose to focus on the two topics that appear to
have clear semantics. The topic “south_korea_nuclear_discharge” was
about Korea’s attitude and actions towards the event. Various patterns
were detected among posts on this topic. Similar user information



Fig. 6: Discoveries of U.S. 2024 Presidential Election. The diffusion
was primarily from Twitter to Facebook and Weibo, mainly driven by
news accounts for Weibo and by content for Facebook. Some interesting
non-linear diffusion modes were also found.

assisted in locating a case of propagation between the same entity’s
accounts. The expert discovered that Xijin Hu spread the news of
Yoon Suk-yeol’s seafood lunch from his Weibo account to his Twitter
account (see Fig. 5(a1)). It was interesting to find that Hu’s words were
more moderate on Twitter. The expert speculated that the variation
of the audience’s characteristics led him to adopt different expression
strategies. Additionally, many media accounts on Weibo disseminated
news about public protests in South Korea, because a significant por-
tion of Weibo users shared a similar viewpoint and expressed concerns
regarding protests taking place in foreign countries (see Fig. 5(a2-a3)).
In the topic “70_billion_japan_water”, BloomWind showed a clear
cross-platform propagation from one Weibo account to multiple Twitter
accounts for different reasons (see Fig. 5(b1-b2)). Users attracted by
the content and some media accounts spread the information to Twitter.
By checking the watermark on the images carefully, the expert found
that the source post pointed out by BloomWind was not the image’s
real origin. However, the source post detected by our model was a very
influential one posted by an active user under the topic. Its content ex-
plicitly revealed the real information source (see Fig. 5(b3)). Therefore,
the expert assumed our model accurately pointed out the direction in
identifying cross-platform propagation. Moreover, the expert observed
that during early December 2023, there was an interesting export-to-
domestic sales pattern in the topic “japan_dead_fish”. A Weibo news
account ‘Imperial Bar Official WeChat’ spread the news about dead
fish occurrence in Japan from a Twitter account ‘Insider Paper’ (see
Fig. 5(c2)). Then Twitter user ‘thinking_panda’ saw this Weibo post
and shared the information on its tweet (see Fig. 5(c1)).

This case study demonstrates the effectiveness of BloomWind to
explore and understand cross-platform propagation. The visualization
design is meaningful, and the model can successfully infer the prop-
agation path as well as pattern types. The most frequent pattern in
this case is diffusion driven by account positioning, and content-driven
propagation is also common. Many news media and the general public
play a role in facilitating cross-platform information exchange.

6.1.2 U.S. Presidential Election

BloomWind also supports simultaneous research on the propagation
relationship between more than two platforms. During the U.S. presi-
dential election, there was a clear trend from Twitter to other platforms

like Weibo and Facebook (see Fig. 6a). The expert speculated that these
phenomena could be attributed to two factors. First, the majority of
Twitter’s users are located in the United States, enabling faster access to
relevant news. Second, in recent years, Twitter has shown higher levels
of activity compared to Facebook. The right part of Fig. 6 shows the
post-level propagation paths in the topic “border_united_texas_trump”,
which was about the U.S.-Mexico border issue and two presidential
candidates’ different attitudes. Checking the paths, the expert found
some evident cross-platform diffusion since many users kept the habit
of containing the source while bringing some news onto their plat-
form. However, the primary diffusion pattern from Twitter to Weibo
(see Fig. 6b) differed from that of Twitter to Facebook (see Fig. 6c).
The former was account-driven diffusion by media accounts, while
the latter was content-driven diffusion. The expert assumed this could
be attributed to the higher overlap of users between Twitter and Face-
book. Consequently, much propagation from Twitter to Facebook was
content-driven, incorporating more personal attitudes and comments.

Additionally, the expert found an interesting propagation case with
the assistance of BloomWind. Our model detected a same-entity dif-
fusion from Weibo to Twitter (see Fig. 6(d1)). However, although he
spread this interesting idea to Twitter, another Twitter user encountered
this meme elsewhere and propagated it to Twitter again (see Fig. 6(d2)).
This example demonstrated that information propagation between plat-
forms is not a linear process and can involve more complex situations.
This case study showcases the scalability of BloomWind to support the
analysis of multiple platforms.

6.2 Expert Interview

We conducted semi-structured interviews with three experts: our collab-
orator in media and communication (P1), a computer science professor
(P2), and an industry engineer (P3). P2 has studied information dif-
fusion for over 5 years with a focus on propagation algorithms. P3
is developing a commercial product for public opinion analysis and
has sufficient expertise for information propagation. Each interview
took about an hour. We first introduced BloomWind and let the expert
explore our system freely (10 minutes). After that, P1 conducted case
studies, and we demonstrated these case studies to the other two experts
(30 minutes). Then we held a post-interview discussion (20 minutes).
All experts were required to comment on the usability of BloomWind
and the cases. Moreover, we interviewed P1 to determine if all re-
quirements were satisfied and evaluate the effectiveness of BloomWind.
P2 and P3 were not involved in our study before the interviews. Our
discussion with P2 was mainly around the effectiveness of the cross-
platform influence model. We discussed with P3 about how this system
could be applied in real-world applications.

After a short introduction, all experts learned to use BloomWind
quickly and provided positive feedback on its usability. They appreci-
ated the interface design and the layered exploration approach. They
found these vivid metaphors very intuitive and effective. P1 appreci-
ated the cluster-level flower glyph for its clarity and comprehensive
information presentation. He could learn about the variation trend
of a topic on a platform within a time frame simply by reading the
petals along the circle. Moreover, the stacked color design and gray
half-rings gave him insights into the influential posts and users, which
he regarded as very important in social media analysis. He also liked
the idea of using the inner circle size to encode the total post number,
which gave him a straight comparison between different topics to find
the dominant ones. P1 opined that the color coding and the animation
of the propagation paths offered meaningful insights into the overall
input-output relationships between platforms, providing a valuable ref-
erence for understanding the dynamics of information flow. He thought
the cluster-level layout was visually attractive but deficient in informa-
tion density. He suggested enhancing the layout’s meaningfulness by
organizing it based on semantic relevance or propagation likelihood.
Moreover, the post-level Propagation View provided an overview of
the overall diffusion situation through paths, but he also wanted to see
specific statistics on the portion of diffusion in different directions. He
also commented, “Given a topic, what are the proportions of these
cross-platform diffusion patterns: same-entity, account-driven, and



content-driven? And what is the trend of these proportions over time?”
He emphasized its importance for defining the inherent driving force
behind a topic, which is valuable for his further studies.

P1 and P2 praised the detection ability of our model and found it
helpful for their cross-platform propagation analysis. Through the post-
level propagation paths, they could find many interesting cross-platform
propagation cases and see their details. The pattern type detected by our
model also helped them a lot in exploring the driving force of specific
diffusion cases. P2 appreciated the approach of summarizing patterns,
extracting significant factors, and subsequently constructing the model
based on these factors. He commented that the calculations for each fac-
tor took into account various aspects affecting propagation judgments,
offering clear and understandable interpretations. He also mentioned
that our pattern summary and model design were inspirational for his
future research. P2 noted that our model holds potential for further
development, suggesting the incorporation of multimodal information
processing. P3 confirmed the practical value of BloomWind in cor-
relating multi-platform public opinions from an industry standpoint.
P3 appreciated our model’s ability to correlate public opinion across
various platforms, emphasizing its significance in obtaining a holistic
perspective of an event. He stated, “We can use BloomWind to identify
the most discussed topics, determine which platforms are the main
information sources, and capture significant cross-platform propagation
cases. It’s very helpful for us in grasping public opinion.”

7 DISCUSSION

This section discusses the implications, limitations, and, future work of
BloomWind, while also introducing the design lessons learned.

7.1 Implications
Our study has several important implications. First, to the best of our
knowledge, BloomWind is the first trial to visualize the cross-platform
propagation among posts. Implicit as cross-platform propagation is,
we introduce a novel visual metaphor to reveal this process as flowers
in different gardens exchange their seeds. It is appropriate to compare
the information spread between platforms to species dispersal in an
ecosystem. The dispersal of species and the structure of niches in
ecosystems offer explicit explanations for comprehending both macro
and micro cross-platform propagation dynamics. By disassembling and
integrating the factors in cross-platform propagation, we present our
model’s speculation and relevant basis for diffusion with this appealing
and effective visual metaphor. Second, we systematically summarize
the cross-platform diffusion patterns and their various mechanisms,
which also instructs the design of our cross-platform influence model.
The summary offers insights into the common driving forces of cross-
platform diffusion, offering a fresh perspective for creating new in-
formation diffusion models and visualizations for future research in
cross-platform propagation analysis. Third, we develop BloomWind
to facilitate cross-platform propagation analysis and assist users in
discovering cross-platform patterns and investigating the underlying
mechanisms. This tool presents a workflow paradigm for studying
cross-platform diffusion through its hierarchical design and “overview
+ detail” lenses. Given an event appears on multiple platforms, the ex-
perts first need to figure out what is discussed on these platforms. Then,
they need to find out what topics have the potential and characteristics
of cross-platform propagation by reading the details summarized at the
topic cluster level. Posts on these topics can be further studied. After
learning about the overall picture of posts, significant propagation paths
between posts should be checked in detail. After identifying cross-
platform diffusion instances, it is meaningful to analyze the inherent
driving force, which is useful for the experts to figure out the evolution
of public opinions.

7.2 Design Lessons Learned
Balancing aesthetics and effectiveness appropriately is crucial in
metaphor design. Several discoveries from our iterative design process
can be used to illustrate this point. Initially, to visually represent the
patterns of information input and output between platforms, we con-
templated encoding the path color using the distinctive color associated

with the source platform. In this approach, the information exchange
between platforms could be immediately discernible through color in-
tensity, while also conveying path directions. However, user feedback
suggested that employing colors to denote path direction lacked suffi-
cient intuitiveness, so we opted to incorporate arrows along the paths
to indicate the directions directly. Our cluster-level flower glyph is
praised by experts due to its intuitiveness and expressiveness, allowing
for understanding the chronological story along the circle. However,
using a looping circle to represent the linear time flow could bias users.
Therefore, we ultimately drew a vertical line between the petals repre-
senting the start and end date for clarity. We designed an icon for each
cross-platform diffusion pattern type to align with our metaphor, which
would appear after clicking on a post-level propagation path. However,
it was hard to understand their meaning without enough annotation.
Consequently, to avoid unnecessary over-designing, we replaced them
with direct words. Sometimes, a metaphor design may seem great in its
own context but can be confusing in practical use. Therefore, iterative
design and careful balance are required when using metaphor design.

7.3 Limitations and Future Work
There are several limitations to be solved and shed light on the poten-
tial future work. First, data scarcity and heterogeneity are common
challenges in social media propagation analysis, especially in cross-
platform situations. To address such issues, we implement a strategy
whereby certain discretionary indicators are computed solely when their
corresponding fields are present. Concerning data heterogeneity, more
precise localization of diverse fields is essential to harness valuable
insights and portray distinct patterns in an enhanced manner. These
practices are usually labor-intensive and require further improvements.
One promising direction is to incorporate Large Language Models
(LLMs) for data preprocessing. However, integrating LLMs raises con-
cerns about data privacy and availability. Ensuring data anonymization
and adherence to privacy regulations, as well as managing data quality
and access, will be significant for system development. Second, we
plan to consider multimodal analysis in our system. Users on Platforms
like TikTok and Instagram mainly share photos and videos. Even on
more traditional platforms like Twitter and Weibo, there exists a trend
towards visual communication. In our case studies, we have observed
some common photos across multiple platforms, indicating that media
resources, often marked by distinct watermarks, could serve as a robust
indicator of cross-platform diffusion. To enhance multimodal analysis,
we plan to integrate Siamese networks to compare image similarity and
employ Optical Character Recognition technologies to extract textual
information from visual content. Ultimately, expert interviews have
indicated that there is a desire for the overview, such as a temporal
view, to display more information regarding diffusion patterns, which
remains an objective for future developments.

8 CONCLUSION

In this paper, we present a visualization system BloomWind for explor-
ing cross-platform information propagation. We first systematically
summarize the cross-platform diffusion patterns and their underlying
mechanisms. Based on the above summary and related literature, we
extract crucial factors to build our cross-platform influence model.
The model estimates the cross-platform propagation likelihood of a
topic/post and identifies the type of its diffusion pattern. Then we
provide a novel visual metaphor to demonstrate the model’s results
as the interaction between different gardens. Hierarchical design and
“overview + detail” lenses are presented to facilitate understanding and
exploration. Two case studies and expert interviews have validated the
effectiveness and usefulness of BloomWind. In the future, we intend to
further improve BloomWind by solving the limitations.
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