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Abstract

We present DyGETViz, a novel framework for visualizing discrete-
time dynamic graph (DTDGs) that are ubiquitous across diverse
real-world systems, such as social networks, linguistics, interna-
tional relations, and computational finance. By leveraging the inher-
ent temporal dynamics in dynamic graphs, DyGETViz effectively
captures both micro- and macro-level structural shifts within these
graphs, offering a robust method for representing complex and
massive dynamic graphs. Through its implementation, DyGETViz
has revealed or confirmed various critical insights. These include
the diversity of content sharing patterns and the degree of special-
ization within online communities, the chronological evolution of
lexicons across decades, and the distinct trajectories exhibited by
aging-related and non-related genes. Importantly, DyGETViz en-
hances the accessibility of scientific findings to non-domain experts
by simplifying the complexities of dynamic graphs. Our framework
is anonymously available at https://anonymous.4open.science/r/
dygetviz/README.md. It will be released as an open-source Python
package for use across diverse disciplines.

CCS Concepts

•Human-centered computing→ Empirical studies in visu-

alization; • Information systems → Data mining; Spatial-
temporal systems; • Computing methodologies→Machine

learning;
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graph neural networks, visualization, temporal graph learning, data
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1 Introduction

Dynamic graphs (DGs) are ubiquitous data structures present in
various real-world evolving systems, such as social networks [17],
linguistics [10], international relations [36], and computational
finance [12]. Representing these dynamic graphs efficiently has
become a crucial challenge due to their massive sizes and ever-
changing nature. One compelling approach to tackle this challenge
is discrete-time dynamic graph (DTDG) models [43, 51, 70], where
the temporal evolution of the graph is represented as a sequence
of snapshots. While DTDG models have shown effectiveness in
a wide range of tasks such as link prediction, node classification,
and edge regression, interpreting the temporal behaviors of high-
dimensional, continuously evolving node embeddings produced
by these models remains challenging. Existing tools offer insuf-
ficient support for analyzing enormous dynamic graphs, leaving
researchers to rely on manual inspection [26, 35]–a process that
is infeasible at scale and fails to capture evolving micro-level and
macro-level structural patterns. For instance, in the study of inter-
national relations, aside from predicting graph attributes like future
bilateral trade volumes, it is vital to understandmicro-level changes
such as a country’s alliance network, trade relations, and conflict
dynamics, as well as macro-level trends such as the stability of the
global economy amidst wars and financial crises, as inherently re-
flected by the high-dimensional node embeddings obtained from
DTDG models.

In this case, visualization offers an intuitive and user-friendly
interface for analyzing DTDG embeddings, as it enables researchers
to gain both micro-level understandings, such as predicting node
states and future trajectories, andmacro-level analysis, such as fore-
casting emerging turning points in geopolitical events. An effective
visualization framework helps researchers gain insights, identify
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patterns, detect anomalies, and effectively communicate their find-
ings to both domain experts and the general public, which would
be challenging to achieve solely through manual analysis.
Challenges. Developing a visualization framework for dynamic
graph embedding trajectories requires addressing the unique char-
acteristics and challenges of DGs. The first challenge is the constant
addition and deletion of nodes in DTDG. As nodes are continuously
added or removed, accurately inferring dynamic embedding trajec-
tories for new nodes and effectively incorporating them into the
visualization becomes crucial yet challenging. More specifically,
the continuous addition and removal of nodes create a dynamic
landscape in which the proximity between nodes is in constant
flux, further complicating the visualization process. The second
challenge arises from the persistent evolution of node embeddings
over time. Conventional visualization techniques [11, 44, 60] often
rely on non-parametric methods, which can present limitations
when projecting new data points onto an existing visualization
space [2]. When applying such visualization techniques to each
snapshot of the DTDG, the visualization layout undergoes a com-
plete transformation, disrupting the continuity and hindering a co-
herent representation of embedding trajectories over time [2]. Thus,
researchers will fail to observe valuable patterns in the DTDG net-
work. Addressing this challenge is crucial for providing researchers
with a consistent understanding of the dynamic graph’s behavior
and evolution over time.
This Work. To address these challenges, we first introduce the
novel problem of dynamic graph embedding trajectories visualiza-
tion. Then, we propose DyGETViz, a novel framework for Dynamic
Graph Embedding Trajectory Visualization. DyGETViz leverages
recent developments in dynamic graph neural networks (DGNNs) [3,
49, 51] and offers 2 key functionalities: visualization and analytics.

The visualizationmodule employs principles from dynamic GNNs
to map high-dimensional node embeddings into lower-dimensional
representations, and employs a flexible and computationally effi-
cient approach to project node state at each timestamp onto the
visualization, potentially scalable to datasets spanning multiple
timestamps. The analytics module quantifies structural shifts in
DTDGs from both micro- and macro-level. For micro-level anal-
ysis, it uses two similarity measures, namely, Jaccard index [14]
and Rank-biased Overlap (RBO) [41, 65], to quantify the changes
in the local topology of each node between adjacent timestamps.
For macro-level analysis, it uses a novel metric, normalized av-
erage ranking change (NARC), as well as the absolute volumes
of embedding movements, to assess the changes in global topol-
ogy. These comprehensive analytics enable researchers to gain
insights into both fine-grained and large-scale changes in dynamic
graphs, empowering investigations across various domains. The
versatility and applicability of DyGETViz is demonstrated by our
analysis on 9 datasets (Appendix B) spanning different graph sizes
and domains, including ethology, epidemiology, finance, genetics,
linguistics, communication studies, social studies, and international
relations. Our method will be publicly released as a python package.
All the code and datasets have been made available.

Algorithm 1 DTDG embedding visualization. {V𝑡 } is the set of
temporal embedding matrix, where V𝑡 ∈ R |𝑉 𝑡 |×𝑑 . X ∈ R |𝑉 ′ |×𝑑 is
the static embedding matrix for the anchor nodes. sim(·) : R𝑑×𝑑 →
R is a similarity measure.N(𝑖, 𝑘, 𝑡) denotes the 𝑘 nearest neighbors
of 𝑣𝑖 at time 𝑡 in the embedding space. Agg(·) is an aggregation
function. 𝛼 is an interpolation factor. Z = {z𝑖 } |𝑉

′ |
𝑖=1 ∈ R

|𝑉 ′ |×𝑝 is the
𝑝-dimensional projection of nodes 𝑣𝑖 ∈ 𝑉 ′.
Require: {G𝑡 }.
Ensure: Dynamic Graph Visualization P.
1: Train a DTDG model using objective L and derive {V𝑡 } ⊲

Discrete-Time Dynamic Graph Model Training
2: Compute X for 𝑣𝑖 ∈ 𝑉 ′
3: Z = 𝑓 (X) ⊲ Compute 𝑝-dimensional projection of 𝑉 ′

4: Create P and project Z = {z𝑖 } |𝑉
′ |

𝑖=1 for 𝑣𝑖 ∈ 𝑉 ′ onto P
5: for 𝑡 ← 1, . . . ,𝑇 do ⊲ Cross-Time Alignment
6: for 𝑣𝑖 ∈ 𝑉 𝑡

do

7: for 𝑣 𝑗 ∈ 𝑉 ′ \ {𝑣𝑖 } do
8: 𝑠𝑡

𝑖 𝑗
← sim(v𝑡

𝑖
, v𝑡

𝑗
) ⊲ Embedding Similarity

9: end for

10: Compute N(𝑖, 𝑘, 𝑡) according to {𝑠𝑡
𝑖 𝑗
}

11: ẑ𝑡
𝑖
← Agg({z𝑗 |𝑣 𝑗 ∈ N (𝑖, 𝑘, 𝑡)}) ⊲ Aggregation

12: z𝑡
𝑖
=

{
𝛼 · z𝑖 + (1 − 𝛼) · ẑ𝑡𝑖 if 𝑣𝑖 ∈ 𝑉 ′

ẑ𝑡
𝑖

otherwise
⊲ Interpolation

13: Project z𝑡
𝑖
onto P.

14: end for

15: end for

2 Method

In this section, we introduce our novel and computationally efficient
frameworkDyGETViz for visualizing and analyzing dynamic graph
embedding trajectories. Our framework effectively addresses the
challenges associated with DGs mentioned in Section 1, including
continuously evolving node embeddings and constant node addition
and deletion. Figure 1 and Algorithm 1 describe the workflow and
the pseudocode of DyGETViz, respectively.

2.1 Embedding Training

Given the sequence of graph snapshots {𝐺𝑡 },DyGETViz first learns
a DTDG model using the joint training objective L, which is the
linear combination of the link prediction loss L𝑡

link, node-level loss
L𝑡
node, and edge-level loss L𝑡

edge.

L =
∑︁

𝑡 ∈[1,𝑇 ]
𝜆1L𝑡

link + 𝜆2L
𝑡
node + 𝜆3L

𝑡
edge . (1)

Here, L𝑡
node (resp. L

𝑡
edge) can be defined as the mean squared er-

ror or cross-entropy loss between the predicted node (resp. edge)
attributes and the ground-truth, depending on the problem formula-
tion (e.g., linear regression or node/edge classification). 𝜆1, 𝜆2, 𝜆3 ∈
R denote hyperparameters that control the weights of each loss
term. This process generates temporal node embeddings {V𝑡 }𝑇

𝑡=1
across 𝑇 timestamps (Line 1).
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Figure 1: Our proposed DyGETViz framework.

2.2 Embedding Visualization

A major challenge in embedding trajectories visualization is cross-
time alignment, as the DTDG embeddings from different snapshots
reside in distinct embedding spaces and are not directly compara-
ble with each other [55]. To address this challenge, we construct a
uniform reference frame for the embedding projection of all snap-
shots using carefully selected anchor nodes 𝑉 ′. The anchor nodes
are selected from the set of nodes present in 𝑉 0 to ensure mean-
ingful cosine similarity computation in each snapshot. X, the node
embeddings of 𝑉 ′, can be derived from a subset of any temporal
embedding V𝑡 trained on time 𝑡 (Line 2). DyGETViz is based on
the assumption that the embeddings of nodes in𝑉 ′ do not undergo
significant changes over time [8].

We then employ the projection function 𝑓 (·) to derive the 𝑝-
dimensional representations Z (Line 3). The choice of 𝑓 (·) provides
flexibility, allowing various projection algorithms that preserve
the node-node proximity in the embedding space such as Prin-
cipal Component Analysis (PCA) [11], t-SNE [60], H-SNE [44],
UMAP [32], locally linear embedding (LLE) [46], and Isomap [57]
to be employed. This initial projection serves as a steady topologi-
cal foundation that ensures consistency across all timestamps. As
DyGETViz progresses through each timestamp 𝑡 , it updates the
visual representations of each node 𝑣𝑖 ∈ 𝑉 𝑡 in𝐺𝑡 , considering its
new positions (Lines 6-9). To this end, we identify 𝑣𝑖 ’s 𝑘 nearest
anchor nodes 𝑣 𝑗 ∈ 𝑉 ′ based on the similarity between the temporal
embeddings of 𝑣𝑖 and 𝑣 𝑗 (Lines 8, 10). We then aggregate the visual

representations of the neighboring anchor nodes 𝑣 𝑗 to determine
the new position for 𝑣𝑖 (Line 11). This method efficiently aligns
nodes across different timestamps and allows for the inference of
new nodes by aggregating information from anchor nodes. There-
fore, DyGETViz can seamlessly incorporate new nodes into the
visualization space, such as newly formed COVID-related online
communities on social platforms during the COVID-19 pandemic,
or the emergence of new words in diachronic linguistic analysis. To
ensure coherence and smooth transitions between timestamps, the
final node projection is obtained by interpolation, combining the
aggregated projection ẑ𝑡

𝑖
with 𝑣𝑖 ’s static embedding z𝑖 (Line 12).

2.3 Analytics Module.

We employ micro-level and macro-level measures to quantify the
structural shifts in both local and global topology.
Measuring Micro-level Changes. To quantify the micro-level
changes in the local topology of each node, we employ two similar-
itymeasures: Jaccard index (Jaccard𝑛) [14] and Rank-biasedOverlap
(RBO) [41, 65]. The Jaccard index quantifies the agreement between
the closest 𝑛 nodes of a given node 𝑖 at time (𝑡 − 1) and those at
time 𝑡 in the embedding space. It is calculated as the intersection
size between two sets divided by the size of their union.

Jaccard𝑛 (𝑖, 𝑡) =
N(𝑖, 𝑛, 𝑡 − 1) ∩ N (𝑖, 𝑛, 𝑡)
N (𝑖, 𝑛, 𝑡 − 1) ∪ N (𝑖, 𝑛, 𝑡) , (2)

whereN(𝑖, 𝑛, 𝑡) indicates the closest 𝑛 nodes of 𝑣𝑖 sorted in ascend-
ing order based on their distance from 𝑣𝑖 at time 𝑡 . The resulting
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Jaccard𝑛 ranges from 0 to 1 and is agnostic to the ordering of the top-
𝑛 nodes. A Jaccard𝑛 close to 1 during the period [𝑡 − 1, 𝑡] indicates
minimal changes in the node’s local topology in the embedding
space.

As a complementary measure, Ranked Bias Overlap (RBO) con-
siders the absolute ranking of nodes. RBO gradually incorporates
lower-ranked nodes while also accounting for the top-ranked ones.

RBO(𝑖,𝑚, 𝑡) = (1 − 𝑝)
𝑚∑︁
𝑑=1

𝑝𝑑−1
|N (𝑖,𝑚, 𝑡 − 1) ∩ N (𝑖,𝑚, 𝑡) |

𝑑
, (3)

where 𝑚 represents the maximum depth of the ranked list con-
sidered, and 𝑝 ∈ [0, 1] is the damping factor that determines the
weight assigned to the top of the list. A higher value of 𝑝 (closer to 1)
assigns more significance to the top of the list. In our experiments,
we set 𝑝 to 0.9. The RBO metric ranges from 0 to 1, with a higher
value indicating greater similarity in the node ordering between
the two lists. Intuitively, if a node’s RBO is close to 1 during the
period (𝑡 − 1) to 𝑡 , the node’s global topology in the input DG has
undergone minimal changes.

It is worth noting that alternative ranking evaluation measures,
such as Spearman’s rank correlation coefficient [54] and Kendall’s
tau [18], exist. However, these measures do not explicitly differ-
entiate the importance of the ranks at different positions in the
list and are sensitive to small perturbations of rankings, particu-
larly towards the middle of the list [19]. To demonstrate this, Supp.
Table 7 shows the distribution of average cosine similarity for all
nodes in the four datasets, HistWords-CN, Reddit, Ant, and DGraph.
We observe that the cosine similarity usually plateaus in the mid-
dle range, suggesting a large number of nodes with highly similar
cosine similarity.

Consequently, they cannot accurately reflect the extent to which
the local neighbors of a node have changed. Moreover, these are also
mainly focused on conjoint rankings [65] where both lists consist
of the same set of items, making them less suitable for scenarios
where the set of nodes in adjacent snapshots are different due to
new nodes constantly being added for comparison. In contrast,
RBO and Jaccard index are more responsive to changes in the top
portion of two ranked lists and can be applied to indefinite ranking
scenarios, which aligns well with our objectives, as we emphasize
the importance of top-𝑛 nodes for assessing changes of the local
neighbors of each node in the visualization.
MeasuringMacro-level Changes. To assess the changes in global
topology, we introduce a novel metric called Normalized Average
Rank Change (NARC), which builds upon the Average Rank Change
(ARC) metric:

ARC(𝑖, 𝑡) = 1
𝑁 𝑡

𝑁 𝑡∑︁
𝑗=1
|𝑟𝑡𝑖 𝑗 − 𝑟

𝑡−1
𝑖 𝑗 |, (4)

NARC =
1
𝑇

𝑇∑︁
𝑡=1

1
𝑁 𝑡 − 1

𝑁 𝑡∑︁
𝑖=1

ARC(𝑖, 𝑡), (5)

where 𝑁 𝑡 = |𝑉 𝑡 ∩ 𝑉 𝑡−1 | represents the number of nodes jointly
present in both time (𝑡−1) and 𝑡 .ARC(𝑖, 𝑡) measures the changes of
a node 𝑖’s nearest neighbors in the period [𝑡 − 1, 𝑡], where a greater

ARC(𝑖, 𝑡) indicates a larger change in 𝑖’s topology. The NARC met-
ric is an aggregated metric across all nodes and timestamps. By
normalizing each ARC(𝑖, 𝑡) by a factor of 𝑁 𝑡 − 1, we make the
NARC metric comparable across datasets with different sizes. The
NARC metric provides a comprehensive assessment of the changes
in the global topology across all nodes and timestamps, offering
valuable insights into the dynamic nature of the evolving network.

To measure the absolute movements of node embeddings in the
embedding space over time, we use the L1 and L2 distances between
the embeddings of each node 𝑣𝑖 in adjacent timestamps:

L𝑝 =
1

𝑇 − 1
1
𝑁 𝑡

𝑇−1∑︁
𝑡=1

𝑁 𝑡∑︁
𝑖=1
∥h𝑡𝑖 − h

𝑡−1
𝑖 ∥𝑝 , 𝑝 ∈ [1, 2], (6)

where h𝑡
𝑖
is an embedding at time 𝑡 . Here, we consider h𝑡

𝑖
be-

ing one of v𝑡
𝑖
, ṽ𝑡−1

𝑖
, and z𝑡

𝑖
, where v𝑡

𝑖
is the original embedding,

ṽ𝑡−1
𝑖

= v𝑡
𝑖
/∥v𝑡

𝑖
∥ is the normalized embedding, and z𝑡

𝑖
is the pro-

jected embeddings. Finally, we extend the RBO metric to a macro-
level version:

RBOmacro (𝑖,𝑚, 𝑡) = 1
𝑇

𝑇∑︁
𝑡=1

1
𝑁 𝑡

𝑁 𝑡∑︁
𝑖=1

RBO(𝑖,𝑚, 𝑡). (7)

3 Results

3.1 Reddit Community Graphs Reveals Content

Specialization, Content Diversity, and Echo

Chambers

Online users often form communities around shared interests, be-
liefs, ethnicity, and geographical locations [17]. A deeper under-
standing of these community dynamics on platforms like Reddit,
which is structured into thousands of interest-specific “subreddits”,
is crucial for analyzing how user groups interact, share content, and
influence one another over time. This study presents an analysis
of subreddit trajectories across various topics, including gaming,
sports, videos, politics, and music, with a focus on content spe-
cialization and the phenomenon of echo chambers, as shown in
Figure 2. Each subreddit’s trajectory is highlighted in a distinct
color. To derive the graph embeddings, we train the model on the
bipartite graph consisting of videos and subreddits, where an edge
with timestamp 𝑡 exists between a video and a subreddit if the
video is shared in the subreddit at 𝑡 . In the resulting graph, two
nodes are close in the embedding space if they share similar videos.
Each subreddit’s trajectory within the visualized graph embeddings
indicates the level of content homogeneity.
Specialization in Content Sharing Across Video-Related Sub-

reddits. The trajectories of video-sharing subreddits (Figure 2c)
demonstrate diverse levels of specialization. Subreddits with a nar-
row focus on promoting YouTube videos and small channels, such as
r/GetMoreViewsYT, r/YouTube_startups, r/AdvertiseYourVideos,
r/SmallYoutubers, and r/YouTubeSubscribeBoost, move within a
confined region, illustrating a high degree of content homogeneity
within these subreddits as users simultaneously spread the same
videos within multiple subreddits for better visibility. In contrast,
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Figure 2: Visualization of Reddit online communities. Each gray node in the background represents an online community

(“subreddit”). The trajectories of five groups of subreddits are displayed, including a. gaming, b. sports, c. video-sharing, d.

politics, and e. music. Text in the background indicates the topics that characterize each subreddit cluster. Different video-

sharing communities (c.) manifest diverse levels of specialization, where communities with a narrow focus of video promotion

demonstrate less mobility than general-purpose communities. DyGETViz captures a major event in r/The_Donald – its

shutdown.

general subreddits like r/videos display a greater diversity of con-
tent, as shown from their more expansive trajectories. These find-
ings are supported by the numeric values of Jaccard100 (Figure 6),
where the overlap between the nearest neighbors of each video-
related subreddit in the embedding space in adjacent timestamps is
high for video-promotion subreddits. Details for the metrics are in
Supplementary Sec. 2.3.
Diversity and Overlap in Sports-Related Subreddits. On the
other hand, for sports-related communities (Figure 2b), subreddits
with specialized topics, such as r/nba (subreddit for the National
Basketball Association), r/nfl (subreddit for the National Football
League), r/MMA (subreddit for mixed martial arts), r/SquaredCircle
(subreddit for professional wrestling), demonstrate similar levels
of movements to more general subreddits like r/sports. Notably,
r/nba has a large overlap with r/nfl, indicating that these two sub-
reddits share similar audience, posts, and content sharing pattern.
Both NBA and NFL feature team-based sports, high-profile athletes,
strategies, and have regular seasons followed by playoff rounds
that culminate in a championship event. In case of content sharing,
many videos feature athletes or moments that have transcended
their respective sports and gained widespread popularity, which is
appreciated by fans of both basketball (NBA) and American football
(NFL). Compared to subreddits focused on videos, sports-related
subreddits display more variability among their neighboring sub-
reddits in the embedding space, as evidenced by the Jaccard100
index values averaged on an annual basis (Table 4).
Trajectories of Political Subreddits Reveal Echo Chamber

and Major Events. The phenomenon of echo chambers within

online social networks, wherein users experience reinforcement
of their ideologies through repeated interactions with like-minded
peers and a narrow spectrum of information, presents a significant
challenge to discourse diversity [5, 9, 37]. This pattern is notably
pervasive on platforms like Reddit, where close-knit communities
form around specific ideologies or interests. A pertinent example is
observed in the subreddit r/WayOfTheBern, an unofficial subreddit
established by Bernie Sanders’ supporters following his loss in the
2016 primary election [62]. Initially intended as a space for political
discourse divergent from the mainstream Democratic Party nar-
rative, this community has been scrutinized for its alignment and
user overlap with right-leaning communities, suggesting a com-
plex web of ideological positioning that transcends conventional
political boundaries [62, 66]. The embedding trajectories in Fig-
ure 2d reveals substantial connections between r/WayOfTheBern
and r/The_Donald, another banned subreddit known for sharing
misinformation and controversial content [31, 62]. These commu-
nities demonstrate converging paths that deviate from more gener-
alized political forums like r/politics. Significantly, r/The_Donald
manifests a notable divergence in the its trajectory around March
2020, coinciding with key external events such as the COVID-19 out-
break and subsequent quarantine in US major cities. The trajectory
of r/The_Donald terminates at a juncture markedly distinct from
its typical position in March 2020, coinciding with the outbreak of
COVID-19 pandemic in the United States, the implementation of
quarantine measures in major US cities, and Reddit’s decision to
relegate r/The_Donald to “Restricted mode” and restricting most
users from creating new posts [58]. Such a confluence of events
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indicates a notable divergence and deterioration characterized by
the proliferation of toxic discourse within the community.

The existence and perpetuation of echo chambers underscore the
complex challenges of online social networks in fostering balanced
and open discourse. They not only facilitate the entrenchment
of partisan beliefs by insulating users from contrary viewpoints
but also serve as fertile grounds for the spread of misinformation.
The observed patterns and trajectories within these communities
highlight the urgent need for strategies aimed at early detection and
mitigation of echo chambers, ensuring a more diverse and accurate
exchange of information within these digital ecosystems.

3.2 Linguistic Reflections and Shifts in Societal

Perceptions Through Lexicon Graphs

Semantic shifts in word meanings usually reveal socio-cultural
changes over time, whereas the rates of semantic change vary
significantly across words [10]. By leveraging word embeddings,
DyGETViz effectively tracks the dynamics of lexical connotations
over time. Our study uses the skip-gram with negative sampling
(SGNS) embeddings [10] trained on the Google N-Gram [28] dataset.
Conventional SGNS approach typically considers a fixed window
of context words around the target word, and thus may not fully
capture the contextual meaning of a word, especially in intricate lin-
guistic contexts characterized by long-range dependencies or when
dealing with semantically similar words with limited co-occurrence
within the local context. To overcome this issue, we construct a new
temporal graph. For each timestamp 𝑡 , we compute the pairwise
cosine similarity between each pair of word embeddings v𝑡

𝑖
and

v𝑡
𝑗
, and then connect each word to its 𝑘 nearest neighbors with

the highest cosine similarity. A new set of temporal embeddings is
then trained on this graph. This method facilitates the extraction
of high-order semantic associations between words that may not
typically co-occur within the same local context, thus overcoming
the limitation of the original SGNS embeddings. Empirically, we
experimented with 𝑘 ∈ [5, 10, 20, 50, 100], and found that 𝑘 = 20
yields the most meaningful semantic associations between words.
Tracing the Evolution of Socio-Economic Language in En-

vironmental Discourse from 1950s to 1990s. To gain insights
into the evolving socio-economic discourse concerning environ-
mental concerns, we delve into the semantic trajectories of words
associated with environmental protection using the HistWords-
CN dataset (Figure 3a). Starting from the 1950s, we traced diverse
interpretations of words such as environment, which initially car-
ried connotations related to the working environment, as indi-
cated by their proximity to words like team, mobilization, and
state-of-the-art. However, as we move into the 1980s and 1990s,
we observe a convergence of these terms toward the region occu-
pied by ecological-environment-related words, such as forest,
grassland, carbon dioxide, and nature. This reflects the ever-
growing discourse on ecology and the escalating importance at-
tached to environmental protection. Notably, despite this conver-
gence, the term save deviated from this trajectory due to its diverse
meanings related to cost-saving, rent, thrift, and value. Our model
thus provides an intricate understanding of the evolution of envi-
ronmental discourse over time.

3.3 Evolving Language and LGBTQ+ Acceptance:

A Lexical Analysis of Societal Shifts

The power of language lies in its ability to both reflect and shape
societal attitudes. In this context, we explore the linguistic landscape
surrounding homosexuality, recognizing its historical significance
as a mirror for societal changes.
Lexical Evolution in the 1970s. During the 1970s, the LGBTQ+
rights movement in the United States experienced a transforma-
tive period characterized by increased visibility and activism [38].
However, prevailing societal attitudes during this era remained
heavily influenced by traditional values and social norms, often
stigmatizing homosexuality [6]. As depicted in Figure 3, we observe
a remarkable lexical shift associated with the term gay from the
1970s to the 1990s. The word gradually transitions away from its
original connotations of happiness and fortune towards homosexu-
ality, aligning with its etymological evolution [15].

Additionally, Table 3 provides a comprehensive view of the top
five words associated with each term in the embedding space over
time. The words happy and delighted retain their consistent mean-
ings across the years, serving as constants in the lexical landscape.
However, the term gay, once widely employed to convey happiness
before the 1960s, underwent a profound transformation when they
were used to refer to homosexuality in the 1970s and acquired prox-
imity with negative words such as forlorn and ugly. This lexical
shift reflects the societal struggle to grapple with evolving percep-
tions of homosexuality. Furthermore, LGBT-related words, includ-
ing gay, homosexual, and lesbian, exhibit strong associations with
clubs and dance during the 1970s and 1980s. This phenomenon
corresponds to the development of a distinctive LGBTQ+ culture
and language during this era. Bars and dance clubs emerged as vital
meeting places for the LGBTQ+ community, providing safe spaces
for socialization, self-expression, and the formation of supportive
networks [30]. It is crucial to acknowledge that the portrayal of
LGBTQ+ characters and issues in popular culture largely perpetu-
ated negative stereotypes and discriminatory portrayals during the
examined period. This further entrenched negative attitudes within
the general public, making societal acceptance and understanding
a complex and arduous journey [33, 39].

By meticulously tracing these linguistic transformations and
contextualizing them within historical and societal frameworks,
our study contributes to a deeper understanding of the intricate
relationship between language, societal attitudes, and the ongoing
struggle for LGBTQ+ acceptance.

3.4 Analyzing Gene Expression in Aging

Dynamic graphs are vital for identifying anomalous genes and
genetic variations that significantly impact disease development [1]
and human aging process [12]. DyGETViz enables fine-grained
analysis of temporal embedding trajectories, revealing genes with
distinct temporal interaction patterns and advancing understanding
of aging-related mechanisms and potential interventions.
Characterizing Structural and Temporal Differences in Gene

Expression During Aging. We examine structural differences,
neighbor distributions, and temporal dynamics between aging-
related and non-aging-related genes using human gene expres-
sion data at 37 different ages, ranging from 20 to 99. As shown in
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Figure 3: a. Chronological evolution of Chinese lexicons in environmental protection, which exhibit diverse meanings from

the 1950s and converge into a cohesive semantic cluster by the 1990s. This trend underscores the growing prominence and

consolidation of environmental protection concepts within the corpus. English translations are provided for reference. b.

Semantic Shift in LGBTQ+ Terminology. The word gay was initially synonymous with joy and happiness, but gradually aligns

with homosexuality, underscoring the changing societal discourse and recognition of LGBTQ+ identities. c. Comparative

analysis of semantic stability using RBO and Jaccard100 shows significant semantic shifts in LGBTQ+-related terms, in contrast

to the stability of happiness-related lexicons.

Figure 4: a/d. t-SNE visualization of the Aging dataset [25] and DGraph [12]. Red dots represent aging-related genes in the

genetic network (a) and fraudsters in the financial network (d). Gray dots represent normal nodes (non-aging-related genes

and normal users). b/e. embedding trajectories of 10 anomalous nodes (in warm colors) and 10 normal nodes (in cold colors),

respectively c/f. The kernel density estimate (KDE) plot for the trajectories. Darker colors indicate higher node densities.
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Figure 4a, genes directly related to aging (red dots) have distinct
distributions from normal genes (gray dots). We further analyze the
trajectories of 10 aging-related and 10 non-aging-related genes, and
plot their embedding trajectories in Figure 4b. The aging-related
genes are characterized by distinct embedding trajectories, mainly
located on the left side of the plot. Such distinctions are reinforced
by the kernel density estimation (KDE) plot in Figure 4c.
Application of DyGETViz for Predicting Aging-Related Gene

Behavior.We randomly select 6 genes commonly altered during
the human aging process as identified in Tacutu et al.. These genes
experience frequent changes due to their roles in cellular processes,
although there is insufficient evidence linking them directly to
aging. These genes are categorized as overexpressed (Gene 306,
1520, and 2212) and underexpressed genes (Gene 1281, 1277, and
1287) 1. As shown in Figure 4c, overexpressed genes (orange trajec-
tories) typically transition between aging and non-aging regions,
suggesting a potential role in inducing or accelerating aging. Un-
derexpressed genes (purple trajectories) mostly remaining within
non-aging regions, suggesting limited involvement.

3.5 Unveiling Global Trade Dynamics: Insights

from UN Comtrade Export Data

In the field of economics, understanding, modeling, and predict-
ing international trade plays a crucial role in helping economists
and policymakers navigate the challenges and opportunities arising
from globalization, such as financial crises. In this study, we analyze
international trade dynamics using export data from the United
Nations Commodity Trade Statistics Database [7]. To capture the
economic status and trading partnerships of countries, we perform
linear regression on the logarithmic values of a country’s gross ex-
ports and the bilateral trade volumes, and employ the joint training
objective with 𝜆1 = 𝜆2 = 0.1 in Equation 1.

The resulting visualization in Figure 8a offers a comprehen-
sive representation of the international trade landscape. Advanced
Economies, as classified by the International Monetary Fund (IMF)2,
form distinct clusters located primarily in the upper right region,
while countries with lower trade volumes and those positioned
on the periphery of international trade form separate clusters in
the left and lower regions. In addition, Figure 8b provides a clearer
illustration of the distinct visual partitions among the three country
groups defined by IMF [13]: Major Advanced Economies (MAE)3,
Other Advanced Economies (OAE), and Emerging and Developing
Economies (EDE). This spatial arrangement reflects the different
degrees of trade engagement of each country within the global
trade network.

Dynamic Graph Embedding Trajectories of Individual Countries
Reveal Development and Stability Patterns of Key Economies. In Fig-
ure 8b, the trajectories of individual countries reveal distinct pat-
terns of economic development and stability. The United States,
the United Kingdom, and Germany4 demonstrate relatively sta-
ble and consistent trading status throughout the examined period

1https://genomics.senescence.info/genes/microarray.php
2https://www.imf.org/en/Publications/WEO/weo-database/2023/April/groups-and-
aggregates
3IMF defines “Major Advanced Economies” as the G7 countries, including Canada,
France, Germany, Italy, Japan, the UK and the USA
4Germany has been listed in UN Comtrade as a single sovereign state since 1991,
following German reunification in October 1990.

(1988-2022). On the other hand, China’s trajectory moves between
MAE and OAE, reflecting its prolonged period of economic develop-
ment characterized by comprehensive domestic reforms, the lifting
of price controls, and the liberalization of trade policies [27, 29].
Russia exhibits significant movements between OAE and EDE. Its
trajectory predominantly shifted towards the EDE region during
the period 1992-1998, coinciding with a substantial 40% contraction
in GDP [36]. Starting from the early 2000s, Russia moves towards
the region occupied by OAEs, including the four middle-sized devel-
oped countries Switzerland, Belgium, Sweden, and the Netherlands,
which indicates a period of economic recovery characterized by
greater trade volumes. Despite its status as an MAE, Japan has
experienced economic development with significant fluctuations.
The country encountered unique obstacles such as the Japanese
asset price bubble (1990-1992) whose impact has lasted for more
than a decade [42, 64]. We further use the Jaccard index [14] and
Rank-biased Overlap (RBO) [41, 65] to measure the macro-level
changes over time. As reflected in Figure 8c, the RBO and Jaccard5
for Japan plummeted during this period compared to other coun-
tries, indicating a period of instability in its economic status.

Trade Resilience and Volatility during Global Economic Crises.
From Figure 8c, we observe three periods of significant fluctua-
tions in RBO and Jaccard5 for most countries, indicating significant
changes in their trading status. The first period is 1997 - 2003, which
corresponds to the 1997 Asian Financial Crisis and the dot-com
bubble when investor confidence declined worldwide. For most
countries, the recovery from the financial crisis in 1998–1999 was
rapid [45]. For example, China demonstrates quick movements
towards and away from the EDE region (Figure 8b) around 1998.
These two events had global ripple effects. The dot-com bubble,
during which many large-scale Internet and communication com-
panies failed and shut down, has a more far-reaching effect. As
the epicenter of the bubble, the US experienced the most drastic
fluctuation in its trading status, as shown by its decline in RBO
and Jaccard5 [14] in Figure 8c. Similarly, the Great Recession in the
2008s and COVID-19 also caused fluctuations in RBO and Jaccard5.

4 Conclusion

In this work, we formally define the problem of dynamic graph
embedding trajectories visualization, and introduce DyGETViz, a
novel framework to effectively address the problem. Empirical eval-
uation on 9 real-world datasets demonstrates the broad application
of DyGETViz and provides significant insights.
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A Related Works

A.1 Graph Neural Networks (GNNs)

Graph neural networks [63] have emerged as a powerful framework
for modeling complex relationships in graph-structured data. In
particular, dynamic graph models, which capture temporal dynam-
ics in evolving systems, have been successfully applied in analyzing
various domains such as communication networks [49], transaction
networks [16], social networks [17, 22, 68], disease control [47], and
international trade [36].

A.2 Visualization

Visualization is a popular approach for model analytics due to
its user-friendly and intuitive nature, which allows researchers
and analysts to easily comprehend complex temporal relationships.
Techniques such as Principal Component Analysis (PCA) [11], t-
SNE [60], MDS [59], and UMAP [32] project high-dimensional data
into interpretable low-dimensional spaces. However, most existing
methods focus on static data or isolated snapshots, which can-
not capture continuous evolution of node embeddings in dynamic
graphs. Although researchers have explored visualization tech-
niques for graphs, existing works usually focus on static graphs [23,
24] or consecutive graph snapshots [4], limiting their ability to
showcase the trajectory of node embeddings over time [4].

B Dataset Introduction

Datasets.We used 9 publicly available datasets spanning 8 different
domains to demonstrateDyGETViz’s wide applicability across all of
these subject areas. The dataset usage strictly follow their respective
licenses or terms of usage. Table 1 provides the statistics of the nine
datasets.

• Reddit [17] encompasses YouTube videos shared across 29,461
subreddits over a five-year period, from January 2018 to Decem-
ber 2022. The dataset forms a bipartite graph with each node
representing a video or a subreddit. Each edge in the graph in-
dicates a video being shared in a subreddit, and its weight is
determined by the frequency of sharing.
• Enron [20] includes the email communication history of Enron
Corporation from June 1999 to December 2001. Each node repre-
sents an employee and each edge represents an email between
them.
• UN Comtrade

5 (United Nations Comtrade database) [7] offers
extensive global annual trade statistics. Our analysis focuses on
the annual export data from 1988 to 2022. Nodes represent coun-
tries and edges represent the logarithmic values of the annual
export volumes between countries.
• HistWords-EN. The HistWords embeddings is derived from the
diachronic word embeddings trained using SGNS (Skip-Gram
with Negative Sampling) on the Google N-Gram dataset [28],
which uses English documents from the 1800s to the 1990s as
the corpus. Each node represents a word, and each edge repre-
sents word similarity. The detailed dataset construction process
is described in Section 3.2
• HistWords-CN [10] is trained in the samemanner as HistWords-
EN using SGNS vectors of Chinese words from the Google N-
Gram dataset over the period of 1950s to 1990s.
• Chickenpox [48] features the weekly chickenpox cases in Hun-
gary between January 2005 and January 2015. Nodes represent
the counties, and edges are constructed based on geographical
locations — an edge exists between two counties if they are adja-
cent. The training objective is to predict the number of weekly
cases in each county.
• Ant [35] features ants behaviors over a 41 days’ period. Nodes
represent ants, and edges represent interactions between two
ants.
• DGraph [12] is a finance dataset about fraudster detection. Nodes
represents Finvolution users, which fall under 3 categories —
normal users, fraudsters, and background users (users who are
not detection targets due to insufficient borrowing behaviors).
An edge from one user to the other means that the user regards
the other one as the emergency contact. We randomly sampled a
subgraph with 100,000 nodes.
• Aging [25] provides the human gene expression data at 37 ages
spanning between 20 and 99 years. For each age, an aging-specific
graph snapshot is constructed, in which nodes represent genes
and edges represent interactions between genes. The edge weight
represents the strength of the protein-protein interactions (PPIs)
between two genes [40].

5https://comtradeplus.un.org/
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Datasets Domains #Nodes #Edges #Snapshots Interval

Reddit [17] Social Studies 4,303,032 27,836,000 60 1 month
DGraph [12] Finance 100,000 119,352 17 1 week
HistWords-EN [10] Linguistics 100,000 14,539,140 20 10 years
HistWords-CN [10] Linguistics 29,701 763,100 5 10 years
Aging [25] Genetics 8,938 71,800 37 \
Enron [20] Communications 143 22,784 16 2 months
Ant [35] Ethology 113 111,578 41 1 day
UN Comtrade [7] Politics 107 162,322 35 1 year
Chickenpox [47] Epidemiology 20 102 517 1 week

Table 1: Statistics of our datasets. “Interval” indicates the time interval for each snapshot. ‘\’ indicates that the snapshot interval

is not constant.

Notation Description

𝐺 A static graph
𝐺𝑡 A graph snapshot at timestamp 𝑡
𝑉 , 𝐸 Sets of nodes and edges
𝑉 𝑡 , 𝐸𝑡 Sets of nodes and edges in each snapshot 𝐺𝑡

𝑉 ′ Set of anchor nodes
𝑣𝑖 A node 𝑖

N(𝑖, 𝑘, 𝑡) 𝑣𝑖 ’s list of 𝑘 nearest neighbors in V𝑡 , sorted in
descending order

v𝑡
𝑖

Temporal node embedding of 𝑣𝑖 at timestamp 𝑡
V𝑡 Temporal node embeddings for𝑉 𝑡 at timestamp

𝑡

X Anchor embeddings

L Training Objective
𝛼, 𝜆1, 𝜆2 Hyperparameters

Table 2: Notations used in this paper

C Ethical Considerations

Our work aims to support the interpretability of dynamic graphs
through visualization, with applications spanning diverse domains
such as linguistics, international relations, epidemiology, and fi-
nance. While the framework we propose, DyGETViz, does not
involve the release of pretrained models or sensitive generative out-
puts, we recognize the ethical implications surrounding the release
of tools that process and visualize real-world, temporally evolving
network data.
Data Use and Privacy. As described in Appendix Section B, all
datasets used in this study are either publicly available or anonymized
and aggregated in accordance with the data providers’ terms of
use. We do not collect or release personally identifiable information
(PII). Nonetheless, users should exercise caution when applying
our framework to proprietary or private datasets, as visualizations

can potentially surface patterns about individuals or entities in
sensitive domains (e.g., financial networks, social interactions).
Responsible Release. To mitigate risks of misuse, we are releasing
the full codebase and processed datasets under a permissive license
along with clear documentation and usage guidelines. The visual-
ization functionality is modular and requires users to input their
own graph embeddings, thereby reducing the likelihood of inadver-
tent leakage of sensitive model behaviors. In addition, we do not
provide pretrained models or embeddings derived from potentially
sensitive domains.
Risk of Interpretation. Graph visualizations, particularly those
representing high-dimensional dynamic systems, may be prone to
over-interpretation. To address this, DyGETViz includes numeric
metrics (Section 2.3) that highlight uncertainty and structural am-
biguity across time steps. We recommend that all visual findings
be corroborated with domain expertise, especially in sensitive ap-
plications such as geopolitical or epidemiological analysis.

D Additional Experimental Results

D.1 Challenges in Distinguishing Fraudulent

and Legitimate Behaviors in Financial

Networks

Dynamic graphs can be used in financial networks to detect and
flag users engaged in fraudulent behaviors [12]. Accurate identi-
fication of fraudulent users can facilitate timely intervention and
prevent financial loss. As shown in Figure 4e, the distinction be-
tween fraudsters and normal users appears less pronounced, as both
groups exhibit trajectories widely dispersed across the plot. These
observations highlight the challenge of distinguishing between
fraudulent and normal users. In real-world scenarios, fraudulent
users possess a remarkable ability to camouflage their activities,
often mirroring the behaviors of genuine users. This challenge is
further exemplified in Figure 4f, where the KDE plot depicts the
convergence of their trajectories, underscoreing the complexity in
accurately identifying and differentiating fraudulent activities from
legitimate ones.
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Figure 5: Comparison of varying 𝑓 (·) (Line 4) and 𝑘 (Line 10) in Algorithm 1.

D.2 Modeling Social Dynamics in Ant Colonies

on Animal Activity Graphs

Animals exhibit intricate and efficient social organizations. For
example, ant colonies demonstrate as well-defined organizational
hierarchy and role differentiation among worker ants [35]. Roles
within these societies include nurses, responsible for the care of the
brood and the queen; cleaners, who ensure colony cleanliness and
waste disposal; and foragers, tasked with acquiring food resources
from outside the colony. Dynamic graph modeling is utilized to
describe these behaviors and the evolution of social roles within
animal groups. Our model provides a clear interpretation of the

trajectories of role-based behaviors, as inferred from the embedding
model.

Trajectories of Different Ant Roles Reveal Distinct Spatial Organi-
zations. Figure 9 illustrates these findings, showing that the move-
ment patterns of nurses are generally restricted to areas near the
queen, reflecting their frequent interactions. Conversely, foragers
are typically found in remote areas, aligning with their external
foraging activities and minimal contact with the queen. The spa-
tial distribution and movements of these roles over time reveal
distinct patterns: nurses and foragers maintain localized activity
areas, whereas cleaners exhibit movement patterns intersecting
with those of nurses due to their intermediary tasks.

12
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Figure 6: Jaccard100 among the subreddits in terms of videos shared between them.

Figure 7: Distribution of average cosine similarity of the four datasets: HistWords-CN, Reddit, Ant, and DGraph. The x- and y-

axis represents the percentage of the nodes in the dataset and cosine similarities, respectively.

Capturing Role Transitions in Ant Behaviors. DyGETViz captures
the transition of individuals between roles, a phenomenon sup-
ported by existing literature [35]. For example, the trajectories of
certain ants (e.g., Ant29 and Ant242) shift from nursing towards
cleaning roles over time, indicating a natural progression as they

age. This dynamic is effectively represented in ourmodels providing
insight into the adaptive behaviors within ant colonies.
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Word 1950 1960 1970 1980 1990

happy

happier, for-
tunate, glad,
lucky, delighted

happier, pleas-
ant, lucky,
loved, delighted

glad, happier,
fortunate,
longed, de-
lighted

glad, delighted,
happier, pleas-
ant, fortunate

glad, happier,
delighted, ea-
ger, lucky

delighted

glad, surprised,
astonished,
pleased, grati-
fied

gratified,
surprised, as-
tonished, glad,
amused

glad, surprised,
astonished,
gratified,
pleased

glad, surprised,
happy, amused,
astonished

surprised,
glad, pleased,
happy, aston-
ished

gay

charming,
lovely, beau-
tiful, elegant,
bright

elegant, charm-
ing, cheerful,
lovely, witty

charming,
cheerful, clubs,
forlorn, ugly

boys, clubs,
lovers, charm-
ing, men

men, victims,
violence les-
bian, bisexual

homosexual
sex, intimacy,
prostitution,
males, females

sex, cruel-
ties, immoral,
notorious,
scandalous

sex, unmarried,
gender, adul-
tery, immoral

women, unmar-
ried, gay, im-
moral, sex

gay, males, im-
moral, illegal,
sex

lesbian
\ \ vehemently,

clubs, gang,
gay, dance

feminist, gay,
sexuality, iden-
tities, women

gay, women,
female, vic-
tims, violence

Table 3: Evolution of word associations from the 1950s to the 1990s. The term “gay” initially carried connotations with

happiness and fortune, but underwent a decline in positivity during the 1970s as its association with homosexuality became

more prevalent.

Figure 8: a. Overview of the embedding trajectories on UN Comtrade [7]. Each country is labeled with its nominal GDP

rankings in 2017 [67] (e.g.,“USA (1)”). Large- and middle-scale economies (e.g., USA, UK, Russia, Netherlands) with higher GDP

rankings and intensive trade relations form a distinct cluster, while lower-ranked economies (e.g., Tajikistan, Uzbekistan,
Jordan) exhibit individual clusters; b. Detailed view of a. The three country groups according to IMF [13], Major Advanced

Economies (MAE), Other Advanced Economies (OAE), and Emerging and Developing Economies (EDE), form distinct visual

partitions. The trajectories of advanced economies with economic stability, such as the USA, UK, and Germany, remain in a

constrained region, while countries that have experienced rapid growth or drastic economic instability, such as Japan, China,

and Russia, manifest more diverse trajectories; c. Fluctuations in Jaccard𝑛 and RBO align with major economic events in history.

d. Average RBO of each country over the period 1988-2022. The x-axis describes the total GDP on a logarithmic scale. Node

colors indicate country types, and node sizes represent the population.

D.3 Enron: Revealing Patterns in Corporate

Email Communication

Enron Corporation, founded by Kenneth Lay in 1985, was a promi-
nent energy company until its notorious collapse due to an insti-
tutionalized and systematic accounting fraud [20, 52]. In Febru-
ary 2001, Jeffrey Skilling became Enron’s CEO, initiating a period14
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Subreddit 2018 2019 2020 2021 2022

videos 0.118 0.211 0.206 0.258 0.256
YouTubeSubscribeBoost 0.244 0.389 0.296 0.295 0.316
YouTube_startups 0.233 0.339 0.289 0.341 0.312
AdvertiseYourVideos 0.287 0.349 0.292 0.313 0.332
SmallYoutubers 0.267 0.356 0.304 0.306 0.354
GetMoreViewsYT 0.284 0.311 0.269 0.280 0.305

gaming 0.263 0.280 0.285 0.272 0.249
videogames 0.303 0.275 0.324 0.322 0.292
pcgaming 0.258 0.236 0.277 0.266 0.223
YouTubeGamers 0.279 0.364 0.291 0.343 0.397
PromoteGamingVideos 0.317 0.423 0.336 0.383 0.407
gamingvids 0.318 0.329 0.295 0.296 0.300
GlobalOffensive 0.071 0.111 0.162 0.093 0.080
apexlegends N/A 0.114 0.110 0.099 0.073
leagueoflegends 0.069 0.044 0.057 0.062 0.038
Minecraft 0.040 0.115 0.136 0.143 0.072

Subreddit 2018 2019 2020 2021 2022
kpop 0.066 0.082 0.129 0.164 0.151
popheads 0.170 0.160 0.181 0.221 0.195
indieheads 0.221 0.258 0.263 0.278 0.274
Music 0.187 0.224 0.291 0.339 0.331
hiphopheads 0.232 0.296 0.308 0.333 0.276
listentothis 0.234 0.325 0.359 0.374 0.338
hiphop 0.266 0.363 0.424 0.442 0.312
rap 0.282 0.413 0.421 0.417 0.296

sports 0.090 0.111 0.101 0.101 0.084
nba 0.121 0.109 0.089 0.082 0.076
nfl 0.077 0.112 0.061 0.049 0.050
MMA 0.103 0.086 0.090 0.088 0.070
SquaredCircle 0.065 0.051 0.058 0.085 0.086

politics 0.384 0.378 0.423 0.313 0.290
The_Donald 0.331 0.375 0.188 N/A N/A
WayOfTheBern 0.385 0.405 0.447 0.441 0.308

Table 4: Average Jaccard100 of subreddits in each year.

characterized by aggressive and intricate accounting practices [50].
Jeffrey resigned in December 2001, shortly before Enron’s downfall.
Studies show that Enron’s collapse can be attributed to a failure of
responsible communication [50]. Lay and Skilling were only par-
tially aware of the financial misconduct of their subordinates. In
this study, we investigate the email communication network from
June 1999 to December 2001 to shed light on the internal communi-
cation patterns that contribute to Enron’s failure. Our visualization
provides valuable insights into these communication patterns, par-
ticularly highlighting the trajectories of CEOs like Kenneth Lay
and Jeffrey Skilling.

In Figure 10b, the trajectories of Lay and Skilling indicate rela-
tively static communication communities, confined within a small
range that mainly involves a limited number of vice presidents and

managers. These patterns reflect their shortcomings in two-way
communication, as demonstrated in previous studies [50, 52] — the
failure to deliver honest, ethical messages to employees and the
lack of awareness regarding company operations. Meanwhile, ordi-
nary employees such as Geir Solberg, Kay Mann, and Scott Neal
have specific job functions that confine their communication to
their respective teams, resulting in relatively fixed communication
patterns with a limited number of partners and trajectories with
less variability.

In contrast, managers and presidents play crucial roles in facili-
tating communication between upper management and ordinary
employees [34, 61, 69], resulting in more diverse interactions with
individuals at different levels within the organization. Previous
analyses identified the top three influential nodes in the Enron
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Ant219 (queen)
Ant390 (nurse)
Ant52 (nurse)
Ant242 (nurse -> cleaner)
Ant29 (nurse -> cleaner)
Ant215 (cleaner)
Ant255 (forager)
Ant32 (forager)

Figure 9: Trajectories of ants from the Ant dataset [35].

Figure 10: Visualization of the Enron dataset [20]. (a) RBO and Jaccard3 during the projection time period. (b) Dynamic

visualization of the node trajectories. The positions of employees are annotated. Employees occupying managerial/president

positions (Mike Grigsby, Louise Kitchen and Greg Whalley) other than the CEOs interact with employees at various levels,

resulting in more diverse trajectories compared to CEOs (Kenneth Lay and Jeffrey Skilling) and regular employees (e.g.Scott
Neal). Furthermore, we observe a decline in both RBO and Jaccard3 from January to March 2001, suggesting a significant shift in

communication partners among all employees. This decline aligns with the CEO transition in February 2001.
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dataset as Louis Kitchen (President), Mike Grigsby (Manager), and
Greg Whalley (President) according to graph entropy [52]. Their
trajectories in the visualization exhibit broader and more diverse
patterns, involving different individuals in different positions over
different time periods. This reflects their extensive responsibilities
and significant roles in managing the organization.

Moreover, as shown in Figure 10a, the decline in RBO and Jaccard3
across all employees during the CEO transition from Lay to Skilling
(January - March 2001) highlights the impact of leadership changes
on communication dynamics within the organization. DyGETViz
uncovers differences in communication patterns among employ-
ees, offering a novel perspective on organizational structure and
dynamics. Understanding these patterns provides valuable insights
for future research and organizational management.

D.4 Dynamic Temporal and Spatial Modeling of

Chickenpox Spread in Hungary

In epidemiology forecasting, dynamic graph models can potentially
enhance our understanding and prediction of disease spread. By
incorporating temporal and spatial dynamics, these models can
capture the intricate interplay between population density, geogra-
phy, and mobility patterns, all of which play critical roles in disease
transmission. However, the successful application of DTDG models
in epidemiology forecasting relies not only on the accuracy and
robustness of the models, but also on our ability to interpret and
understand their mechanisms of operation. In this regard, the use
of visualization techniques becomes crucial.

In this study, we use theHungary Chickenpox dataset [48], which
includes the weekly chickenpox cases in Hungarian counties and
the capital Budapest between 2005 and 2015. From the trajectories
in Figure 11a, we found that the capital city Budapest stands out
as the node with the most movements due to its high population
and . As the second most populous county in the country, Pest ex-
hibits a trajectory that significantly overlaps with Budapest at each
snapshot, indicating a high seasonality in the number of cases. This
overlap can be attributed to factors such as geographical locations
and suburbanization in the metropolitan area of Budapest, which
caused considerable population movements between the two re-
gions. According to a census in 2011 [21], nearly 60% of commuters
living in the suburban zone of Pest work in Budapest. Such popu-
lation overlap can facilitate the spread of diseases. Bács-Kiskun, a
bordering state of Pest, moves towards Pest in winter, especially the
middle of December, but away from it in summer, indicating a peri-
odicity between the winter surge and the summer decline [48, 53].
In contrast, counties such as Tolna, Vas, Zala, and Heves, which are
among the five least populated counties, form their own clusters
with movements limited to the lower left of the plot, indicating
a lower susceptibility to diseases due to smaller populations and
fewer demographic movements.

E Limitations & Future Works

While DyGETViz demonstrates strong utility in visualizing dy-
namic graphs, it also has limitations that open avenues for future
research. Most notably, we did not develop quantitative metrics to

evaluate visualization quality. This omission stems from the inher-
ently subjective nature of visualization assessment, which makes
standardized evaluation challenging.

Looking forward, there are multiple promising directions for
further research. An immediate area of interest is the development
of robust and interpretable evaluation protocols to assess visual-
ization quality more systematically. This could involve designing
task-based metrics or user studies that quantify interpretability
and utility. Furthermore, enhancing the flexibility of DyGETViz
to accommodate broader visualization needs could substantially
extend its relevance across disciplines and use cases.
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a b

c

d

Figure 11: a. Trajectories of the 19 counties and the capital Budapest in the Chickenpox dataset [48]. The most (least) populous

counties are plotted using colors to the red (purple) side of the spectrum, and vice versa. b. Embedding movements of the 20

nodes. c/d. Population and average weekly chickenpox cases of all counties.
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