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Abstract—Impact dynamics are crucial for estimating the growth patterns of NFT projects by tracking the diffusion and decay of their
relative appeal among stakeholders. Machine learning methods for impact dynamics analysis are incomprehensible and rigid in terms
of their interpretability and transparency, whilst stakeholders require interactive tools for informed decision-making. Nevertheless,
developing such a tool is challenging due to the substantial, heterogeneous NFT transaction data and the requirements for flexible,
customized interactions. To this end, we integrate intuitive visualizations to unveil the impact dynamics of NFT projects. We first
conduct a formative study and summarize analysis criteria, including substitution mechanisms, impact attributes, and design
requirements from stakeholders. Next, we propose the Minimal Substitution Model to simulate substitutive systems of NFT projects
that can be feasibly represented as node-link graphs. Particularly, we utilize attribute-aware techniques to embed the project status and
stakeholder behaviors in the layout design. Accordingly, we develop a multi-view visual analytics system, namely NFTracer, allowing
interactive analysis of impact dynamics in NFT transactions. We demonstrate the informativeness, effectiveness, and usability of
NFTracer by performing two case studies with domain experts and one user study with stakeholders. The studies suggest that NFT
projects featuring a higher degree of similarity are more likely to substitute each other. The impact of NFT projects within substitutive
systems is contingent upon the degree of stakeholders’ influx and projects’ freshness.

Index Terms—Impact Dynamics Analysis, Non-Fungible Tokens (NFTs), NFT Transaction Data, Substitutive Systems, Visual
Analytics.

✦

1 INTRODUCTION

INTEREST in non-fungible tokens (NFTs) has surged glob-
ally in recent years. In brief, an NFT is a virtual token

that exists on a blockchain and can be paired with diverse
digital or physical assets to verify assets’ ownership and
authenticity [1], [2], [3]. For instance, NFTs could be applied
to the art industry to cryptographically certify the provenance
of artworks by storing the metadata concerning collection
and transaction activities on the blockchain [4], [5]. With
such technical and economic merits, tons of enthusiasts
have flooded NFT marketplaces as different stakeholders
[6], [7]. These stakeholders can be broadly categorized into
four main groups: creators, collectors, moderators, and de-
velopers [8]. Among these groups, collectors and investors,
especially those with mathematics, finance, and business
backgrounds, are the most active and numerous within the
marketplace [9]. They often engage in a high volume of
transactions. These stakeholders believe NFTs have been
gradually developed into an alternative investment, specif-
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ically in decentralized finance (DeFi) and the creative in-
dustry [10], [11]. Based on a rough estimate conducted in
2022, over 265,000 active wallets are trading NFTs on the
Ethereum blockchain alone [12].

Nevertheless, the lack of assessment metrics for NFTs
has long been a pain point that jeopardizes the development
of NFT marketplaces [8]. Take NFT projects, i.e., collections
containing a series of NFT collectibles, as an example. One
of the most common investment risks is the sudden collapse
of NFT projects because they cannot keep up with rapid iter-
ation and fall out of market competition. Stakeholders who
invest in such NFT projects may face substantial losses due
to misjudging a project’s lifespan. Moreover, stakeholders
suffer from other risks, such as the irrational volatility of
NFT prices, phishing scams [13], hype [14], wash trading
[4], and “rug pull” [15], that could abruptly devalue and
interrupt the impact of NFT projects. Detecting the impact
dynamics is crucial for stakeholders to estimate the growth
pattern and anticipate the relative appeal of NFT projects.
More broadly, impact dynamics represent the diffusion and
decay process of an object’s appeal to its target users, such
as commercial products, fashion trends, and techniques [16].
Although traditional machine learning models can predict
the impact dynamics of NFT projects, they lack interpre-
tation and cannot accommodate stakeholders with diverse
requirements. Thereby, a comprehensive analytical tool for
detecting the impact dynamics of NFT projects is needed.
Such a tool would be particularly beneficial for stakeholders
with STEM (Science, Technology, Engineering, and Mathe-
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matics) backgrounds skilled in using digital dashboards to
aid their decision-making processes.

To bridge this research gap, we integrate visualization
techniques to facilitate the impact dynamics analysis of NFT
transactions. Specifically, we propose the Minimal Substitu-
tion (MS) Model to simulate and exhibit substitutive systems
that illustrate how stakeholders migrate among different
projects and thus reflect their relative appeal [17], [18]. How-
ever, we encounter three challenges during implementation:

First, identifying substitution mechanisms and impact
attributes is non-trivial. Deriving the mechanisms that
govern the substitutive systems out of multiple alternatives
is challenging. Even with identified mechanisms, refining
the underlying impact attributes from substantial and het-
erogeneous transaction data, such as historical market per-
formance, social media activities, and transaction behaviors,
requires a detailed investigation [8], [19].

Second, visualizing substitutive systems and impact
dynamics for stakeholders from diverse backgrounds is
demanding. It requires providing an intuitive and well-
coordinated design for multivariate and voluminous NFT
transaction data, necessitating sophisticated data transfor-
mation, effective database management, and a comprehen-
sive and multi-dimensional approach.

Third, fulfilling the personalized analysis require-
ments of diversified stakeholders presents a challenge.
This complexity arises because NFT projects have varying
launch and extinction dates, which different stakeholders
may find relevant. Additionally, stakeholders with diverse
market roles often prefer different impact attributes [6], [7].
For instance, while moderators may focus more on social
media factors, investors typically prioritize floor prices and
sales volumes.

For the first challenge, we conduct a formative study
with domain experts and stakeholders to identify analysis
criteria. Accordingly, we propose the MS Model to simulate
the substitutive systems in NFT transactions. For the second
challenge, we leverage a visual analytics (VA) approach to
present the substitutive systems of NFT transactions for an-
alyzing NFT impact dynamics. We metaphorically showcase
the substitutive systems via an augmented node-link graph
with multi-attribute-aware techniques [20], [21] to embed
the project status and stakeholder behaviors in the layout
design. We apply K-means and the Gaussian mixture model
to cluster similar NFT projects and improve the efficiency of
users’ workflows. To tackle the third challenge, we develop
NFTracer, an interactive, well-coordinated VA system to
provide hierarchical explorations primarily for stakeholders
with STEM backgrounds. In addition, NFTracer also aspires
to inspire stakeholders from humanities or social science
backgrounds to understand and analyze NFT marketplaces
from a systematic perspective.

The main contributions of this paper are as follows:
• Proposing the Minimal Substitution (MS) Model to sim-

ulate substitutive systems in NFT transactions with
underlying substitution mechanisms and impact at-
tributes characterized.

• Developing NFTracer, which, to our knowledge, is the
first interactive VA system for different stakeholders to
explore the substitutive systems and impact dynamics
of NFT projects.

TABLE 1: The key concepts for detecting substitutive sys-
tems in NFT transactions for impact dynamics analysis.

Concepts Explanation
NFT
Stakeholders

Participants playing different roles in the NFT marketplaces,
e.g., investors, buyers, sellers, and holders.

NFT
Projects

A collection of NFT assets containing a limited number of
similarly styled NFTs with minor modifications in design.

Substitution
Flows

Flows consisting of migrated stakeholders among NFT projects
with direction and intensity encoded.

Substitutive
Systems

A node-link graph containing NFT projects connected by
substitution flows, displaying users’ inflow and outflow tendency.

Substitution
Mechanisms

Generic ingredients governing the probability of substitution,
i.e., substitutive rate between NFT projects in our case.

Impact
Attributes

Factors influencing the mechanisms governing substitutive systems.

Impact
Dynamics

The evolution of the global appeal of individual NFT projects
to stakeholders in substitutive systems.

• Evaluating NFTracer through two case studies with do-
main experts to derive in-depth insights and conduct-
ing a user study with 13 stakeholders to demonstrate
the effectiveness of our system.

2 BACKGROUND AND RELATED WORK

This section introduces the key concepts for detecting NFT
substitutive systems (Tab. 1), followed by related work
categorized as impact dynamics in substitutive systems, NFT
assessment analysis, and network analysis of NFT communities.

2.1 Impact Dynamics in Substitutive Systems
Impact is a “brand-level” [22], [23] parameter that evaluates
the comparative attractiveness and visibility of analogous
products [16], [24], services [23], [25], information [26], [27],
knowledge [28], [29], opinions [30], [31], and technologies
[32] within their respective social systems. As such, the
impact dynamic reflects the progression of impact over
time, encapsulating the competition in adoption and loyalty
towards a commodity, opinion, or technology among a
target population in substitutive systems [16], [17], [33].
Specifically, impact dynamics metrics are obtained from
studies focused on modeling innovation diffusion [34] of
new-product growth in competitive market environments
[35]. Among the foremost and crucial models in this field
is the Bass Diffusion Model [36]. This model delineates
the S-shaped pattern of new-product growth and presents
three key parameters—internal influences, external influ-
ences, and market potential [34], [37]. Based on the Bass
model’s assumptions, subsequent researchers have refined
and broadened its parameters by exploring case studies in
various industries and domains [26], [29], [30], [31].

Particularly, accelerated product substitution has piqued
scholars’ interest in the study of customer attrition [16],
[28], e.g., brand-shift, in competitive markets. Customer
attrition happens in areas with a finite customer base or
sluggish growth, such as the contemporary NFT ecosystem
[38]. This often results in competition for finite customers.
Consequently, numerous new products (e.g., emerging NFT
projects) struggle to surmount the Market Chasm [39] and
fulfill their anticipated lifecycle, potentially giving rise to
a vicious cycle of market development and squandering of
wealth and resources [32], [40]. Hence, stakeholders need
to assess impact dynamics in rapidly changing substitutive
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TABLE 2: Definitions for mechanisms, impact attributes, and related data to construct NFT substitutive systems.

Mechanisms Definition Corresponding Impact Attributes Related Data

M1: Recency
The anticipated longevity of NFT projects or, simply
put, how new NFT projects are.

Time stamps;
Social media popularity.

Social media data.

M2: Preferential
Attachment

The extent to which a certain NFT project is more likely
to attract new collectors than less popular counterparts.

Transaction behaviors of stakeholders, indicated
by the number of sellers, buyers, and holders.

Transaction data;
Project character data.

M3: Propensity
The extent to which a certain NFT project is more likely
to substitute for some NFT projects than others.

Inherent characteristics of NFT projects, e.g.,
floor price, number of whales, sales volume, etc.

Project character data;
Social media data.

systems like the NFT ecosystem to forecast a product’s
longevity and market competitiveness [14], [17].

2.2 NFT Assessment Analysis
Non-fungible tokens (NFTs) are digital certificates derived
from blockchain technology for which smart contracts
generate and verify automatically [41]. Characterized as
“unique, indivisible, irreplaceable, and verifiable”, NFTs provide
new authentication methods and enable personal ownership
of scarce digital properties, e.g., digital art, collectibles, and
virtual land in the Metaverse [42]. In the fourth quarter of
2022, NFT trading platforms achieved a market capitaliza-
tion of $22.56 billion within just two years, accounting for
18% of the entire crypto industry [43]. Recently, a commer-
cial report published by Statista predicts that the number of
stakeholders participating in NFT marketplaces is expected
to reach approximately 19.31 million by 2027 [44]. Currently,
NFTs have become the alternative investment and have
hastened various marketplaces [4], [10], e.g., OpenSea [45],
Rarible [8], and SuperRare [19].

However, the lack of assessment metrics plagues stake-
holders and hinders the development of NFT marketplaces
[8]. Since 2021, NFT assessment analysis has accumulated
numerous insights into the value indicators of NFTs. Such
indicators contain two dimensions: 1) intrinsic influential
factors, e.g., historical transaction records and visual com-
ponents [19], [46], [47], [48], and 2) extrinsic relevant factors,
e.g., bitcoin volatility and media exposure [49], [50], [51],
[52]. For instance, Nadini et al. [19] distilled the influential
statistical properties of NFT sales and trained a machine
learning model to predict secondary sales volume. Yousaf
et al. [46] further inspected the interrelationship among in-
trinsic influential factors, i.e., trading volume, volatility, and
returns, of NFTs to facilitate investment decision-making.
In addition, extant literature also estimates the efficacy
of extrinsic factors through correlation analysis and deep
learning models. Respectively, Kapoor et al. [51] and Wilkoff
et al. [52] confirmed that social media popularity and media
reports could impact the liquidity and price of NFTs.

Nevertheless, the above insights are mainly drawn from
intricate machine learning models with fixed variables,
which are too incomprehensible and rigid for general users
to understand. Hence, we conducted a mixed-method for-
mative study with domain experts and stakeholders to sum-
marize their design requirements to ensure interpretability
and transparency. Accordingly, we distill analysis criteria
and present the MS Model for simulating substitutive sys-
tems of NFT transactions. Then, we employ the VA system,
NFTracer, as one of the first tools for stakeholders to explore
the impact dynamics of NFT projects.

2.3 Network Analysis of NFT Communities
Another major research focus involves analyzing stake-
holder behaviors within NFT communities by visualizing
their dynamic social networks [53], [54].

Previous investigations can be classified into three pro-
gressive dimensions: 1) identifying stakeholders [6], [7], 2)
understanding stakeholders’ interactions [8], and 3) constructing
graph model for stakeholders’ activities [53], [55]. To start with,
Baytaş et al. [7] proposed a model mapping six salient stake-
holders and their relations in NFT marketplaces through
content analysis on a social media website. Then, the interac-
tions between NFT stakeholders have drawn attention and
inspired fine-grained network analysis on an address basis
for identifying stakeholders’ transaction patterns. For exam-
ple, Vasan et al. [54] characterized the homophily pattern
of NFT communities, composed mainly of artists and their
collectors, via network analysis. Brunet et al. [55] further
uncovered the guiding roles played by successful investors
and big accounts by extracting the topological structure of
NFT transaction networks. Besides, Wen et al. [56] applied
a visual analytics approach to expose the wash trading
networks of NFT flows in collectors’ communities.

Although the aforementioned network visualizations
contribute to uncovering transaction patterns and abnormal
behaviors, visual clutter is almost inevitable when including
enormous addresses in analysis. Moreover, their layout de-
signs are limited in visually presenting fine-grained transac-
tion behaviors of stakeholders or allowing users to directly
connect transaction patterns with influential factors. Such
scalability issues were also common in network analysis
concerning transactions in the broader blockchain ecosys-
tem, e.g., Bitcoin exchanges and mining pools [57], [58], [59].
To address this research gap, we use two sparse configu-
ration techniques to improve the readability of node-link
graphs. In addition, we apply multi-attribute-aware tech-
niques [20], [21] to embed the project status and stakeholder
behaviors in the layout for straightforward comparison.

3 USER-CENTERED DESIGN

We conducted a mixed-method formative study to identify
substitution mechanisms, impact attributes, and design re-
quirements from domain experts and stakeholders (Fig. 1).

3.1 Focus Group and Mechanisms
We involved four domain experts for over six months
(EA−D) to collaboratively summarize the analysis criteria
of substitutive systems in NFT transactions. EA and EB are
scholars investigating stakeholders’ behaviors in NFT mar-
ketplaces. EC is a senior investor focusing on NFT projects.
ED is a professional researcher dedicated to quantifying
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Fig. 1: The pipeline of conducting the formative study with domain experts and NFT stakeholders to identify the research
scope, analysis criteria (i.e., mechanisms and impact attributes), related data, and design requirements.

and optimizing regulation strategies in NFT communities.
We organized a two-hour focus group with these domain
experts to define the research scope (Fig. 1A). Prior to
the discussion, we prepared seven potential substitution
models (please refer to Tab. A1 in Appendix A.1 for details),
classified based on their primary application contexts and
provided corresponding substitution mechanisms to aid the
experts’ discussion [24], [33], [60], [61], [62], [63], [64]. To
foster an efficient discussion among domain experts, we
disseminated the list of candidate models to them one
week before the group discussion, allowing the experts to
familiarize themselves with the material.

In the initial 50-minute session, we presented the foun-
dational assumptions, relevant use cases, and key mecha-
nisms of candidate models to domain experts. We discov-
ered that EA and EB , proficient in qualitative research,
encountered difficulties directly evaluating and selecting
candidate models. EA remarked, “These candidates indicate
that similarities influence the impact dynamics of NFT projects,
reflecting the propensity or fitness mechanism. However, I need
more information to understand and compare other mechanisms.”

Thus, we took a 30-minute break and then added extant
literature focusing on quantifying the market performance
of NFT projects to support their discussion and decision-
making in the second session [7], [19], [41], [52], [65]. For the
next 40 minutes, domain experts compared and analyzed
key mechanisms, ultimately excluding four candidate mod-
els. These models were either overly complex (e.g., the Lotka-
Volterra Competition Model), focused too heavily on graph
data structures without addressing any domain knowledge
(e.g., the Evolving Network Model), or incompatible with the
characteristics of NFT trading (e.g., the Susceptible-Infected-
Recovered Model). Hence, domain experts narrowed down
candidate models to the Bass Diffusion Model (C1), Mini-
mal Substitution (MS) Model (C5), and Gompertz Model (C7)
through voting. Notably, EC stated, “Unlike the resolution of
illnesses, users in the NFT market seldom exit completely. Instead,
they migrate among similar NFT projects. This phenomenon
aligns with the mechanism of preferential attachment.”

After another break, we presented the selected three
candidate models with demo codes (see Appendix A.2 for
model fitting results) and then invited domain experts to
rank their applicability. Specifically, EA and ED emphasized
the significant impact of release timing on the appeal of NFT
projects. ED explained, “In the NFT ecosystem, stakeholders
find it difficult to develop loyalty to projects, making the initial
launch period the most appealing. Although recency is a straight-

forward mechanism, it is essential for measuring the allure of
fast-paced products like NFTs.”

Finally, the focus group reached a consensus on the Mini-
mal Substitution (MS) Model and its three major mechanisms:
1) recency, 2) preferential attachment, and 3) propensity (Tab. 2)
to simulate NFT substitutive systems [16]. Domain experts
discussed impact attributes for quantifying mechanisms
but could not agree on each attribute’s impact degree on
mechanisms. In this light, a subsequent online survey was
conducted with NFT stakeholders.

3.2 Online Survey and Impact Attributes
The online survey contains three subsections: 1) briefing to
participants about the research topic and three mechanisms;
2) collecting consent forms and demographic information;
and 3) asking stakeholders to evaluate 15 potential attributes
with a five-point Likert scale (Fig. 1B). Besides the do-
main experts, we recruited another 14 stakeholders from
NFT communities. Ultimately, we received 18 responses
(P1-18: M=11, F=7), which included five investors, three
researchers, three collectors, and seven respondents with
multiple identities (Please refer to Tab. A3 in Appendix A.3).
Their ages ranged from 25 to 36 (Avg = 27.39, SD = 3.05), and
their engagement in NFT marketplaces extended from six
months to five years (Avg = 2.28, SD = 1.44). We used para-
metric methods [66] to assess how each potential attribute
affected the individual mechanisms. According to the re-
sults (please refer to Fig. A2 in Appendix A.4), we summa-
rized 12 fundamental impact attributes and constructed our
database (Fig. 2A1-2). We found that domain experts and
stakeholders generally agreed on impact attributes for quan-
tifying preferential attachment and recency. However, multiple
impact attributes were assessed as relevant for propensity,
which led us to conduct semi-structured interviews to better
understand users’ requirements.

3.3 Interviews and Design Requirements
We conducted semi-structured interviews with four stake-
holders and two domain experts (I1-6) to extract their design
requirements for NFT impact dynamics analysis (Fig. 1C).
Two authors conducted a thematic analysis [67] iteratively
based on responses until the inter-rater reliability reached
0.81, indicating that the two coders reached a satisfactory
agreement. Accordingly, we distilled six requirements. First,
I1 and I3 suggested leveraging flexible interactions in the VA
system, as they prefer to choose relevant data indicators and
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TABLE 3: Bridging categorized visualization tasks with corresponding design requirements of domain experts.

Category Visualization Tasks
Design
Requirements

System
View

Overview
T1 To visualize the overall substitutive networks in NFT transactions in selected duration. R1 Substitution View
T2 To present the distribution of three mechanisms and impact dynamics on a group basis. R2, R4 Mechanisms Analysis View

Comparison
T3 To support inter-cluster comparisons of shared characteristics among grouped NFT projects. R2, R3, R4 Mechanisms Analysis View
T4 To support intra-cluster comparisons of stakeholders’ interactions among individual NFT projects. R5, R6 Preferential Attachment View

Clustering T5 To support cluster analysis based on personalized attribute selection. R1, R3 Propensity Analysis View
Temporal Trend
Analysis

T6 To display the temporal evolution of substitutive systems in NFT transactions. R1 Substitution View
T7 To present the temporal impact dynamics of individual NFT projects. R5, R6 Impact Dynamic View

Feature
Extraction

T8 To distill and quantify three mechanisms from heterogeneous transaction data. R2, R4 Mechanisms Analysis View
T9 To simulate the node-link graph for substitutive networks based on extracted mechanisms. R1 Substitution View

make judgments based on their past trading experiences.
For instance, they opposed pre-slicing time windows for tar-
get users, which may unreasonably interrupt some projects’
life cycles and create exploration barriers (R1). Meanwhile,
they recommended visually presenting the quantified mech-
anisms to better interpret the MS Model (R2). In addition,
I4 and I5 highlighted customized analysis, particularly when
quantifying the propensity for different stakeholders (R3).
They also propounded filtering and comparing specific NFT
projects based on their mechanism distribution (R4). Lastly,
I2 and I6 appreciated hierarchical presentation. More specif-
ically, they would like to observe the whole substitutive
systems, how similar NFT projects substitute each other, and
finally, the impact dynamics of individual NFT projects (R5).
Furthermore, they proposed that comparisons of impact dy-
namics and growth patterns between different NFT projects
would be beneficial for their analysis (R6).

3.4 Requirement Analysis
We summarized and categorized the six design require-
ments into three aspects to establish hierarchical and well-
coordinated views for users to explore the substitutive sys-
tems in NFT transactions.

Market-level Interpretation enables flexible analysis of
the overall substitutive systems of NFT transactions.
R1. Provide personalized demonstration of the overall

substitutive systems in NFT transactions. NFT projects
vary in launch date and duration. An overview of
substitutive systems with flexible time-slicing options
is thus necessary for stakeholders’ analysis.

R2. Quantify mechanisms governing substitutive systems
in NFT transactions. Stakeholders, especially those
unfamiliar with data analysis or substitution models,
require an intuitive mapping of quantified mechanisms
and impact attributes. Hence, a broader range of users
can fully understand the substitution of NFT projects.

Inter-project level Investigation provides tailored anal-
ysis to discern similar NFT projects in substitutive systems.
R3. Recommend similar NFT projects with higher substi-

tutive probability. Detecting similarities between NFT
projects can assist stakeholders in filtering those with a
higher probability of substitution. The similarity levels
are mainly measured by the propensity mechanism that
considers multiple attributes, which are characterized
according to users’ requirements.

R4. Compare patterns of substitution mechanisms and
impact dynamics of grouped NFT projects. Stake-
holders require identifying patterns of mechanisms to

summarize common characteristics of NFT projects that
fall into the same cluster and compare NFT projects be-
longing to different clusters within a selected duration.

Project-level Exploration facilitates hierarchical and
fine-grained analysis of growth patterns and impact dynam-
ics within individual NFT projects in substitutive systems.
R5. Capture impact dynamics of individual NFT projects

over time. Impact dynamics in substitutive systems re-
flect the appeal and vitality of individual NFT projects,
which helps stakeholders to anticipate their longevity.
Thus, this information is helpful for stakeholders when
making decisions about whether to hold or abandon
NFT projects.

R6. Compare impact dynamics and growth patterns be-
tween NFT projects. The market performance of NFT
projects fluctuates dramatically. Hence, enabling users
to compare the impact dynamics and growth patterns
of NFT projects to react quickly is crucial.

4 VISUALIZATION TASKS AND SYSTEM OVERVIEW

This section introduces the visualization tasks based on
abstracted requirements introduced in Sec. 3.4 and provides
a system overview to illustrate the whole framework.

4.1 Visualization Tasks
We identify nine visualization tasks (T1-9) based on the
design requirements concluded from the formative study
(see Tab. 3). These tasks are structured following the classi-
fication of visual analytic tasks for ensemble data proposed
by Wang et al. [68]. T1 and T2 aim to provide a visual
overview of the three mechanisms and the overall topology
of substitutive systems in NFT transactions. T3 and T4 dis-
cern the distinctions between clustered and individual NFT
projects through juxtaposition and superimposition layouts.
T5 categorizes NFT projects based on their resemblances.
T6 and T7 uncover the temporal development of individ-
ual NFT projects, while T8 and T9 extract the underlying
mechanisms from latent impact attributes that influence
substitutive systems in NFT transactions. In the following
sections, we primarily use the six “design requirements” to
map visual designs for brevity.

4.2 System Overview
NFTracer is a web-based VA system consisting of three
modules: Data Storage, Data Analysis, and Data Visualization
(Fig. 2). The Data Storage module is a database storing
collected and transformed numerical tabular data of NFT
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Fig. 2: System Overview. NFTracer comprises three modules, which are Data Storage (A1-2), Data Analysis (B1-4) for
clustering NFT projects and quantifying mechanisms with personalized time slicing, and Data Visualization (C1-3).

transaction records, project characters, and social media
content. We reorganized these data into indexed impact
attributes and created attribute-related relationship tables to
provide flexible and efficient interactions. The Data Analysis
module supports a personalized selection of time windows
and impact attributes, returning corresponding quantified
mechanisms, substitution flows, and impact dynamics to
users on demand. These two modules are implemented
in Python and Flask and form the backend of NFTracer.
The Data Visualization module utilized Vue.js and D3.js [69]
to build a frontend application with four well-coordinated
views that support interactive explorations.

5 DATA PROCESSING

This section describes the input data, outlines the data
pre-processing pipeline, and explains the measurement of
three substitution mechanisms and other parameters defin-
ing NFT substitutive systems. To facilitate comparison, we
apply the Min-Max normalization technique to ensure the
results of each step of data processing fall within [0,1].

5.1 Data Description
The database for exploring substitutive systems in NFT
transactions is heterogeneous, containing data manually
collected from three sources, i.e., Etherscan [70], NFTGO
[9], and Twitter. We discussed with four domain experts to
determine sampling methods for NFT projects. They noted
that many NFT projects have a short lifespan, minimal trad-
ing volume, and generate low economic value, which makes
them unqualified for impact analysis. Accordingly, we took
market performance (i.e., market capitalization and sales
volumes) and length of existence as our selection criteria.
Based on this, we sampled 70 NFT projects that have been
ranked as top-tier projects on OpenSea from June 2021 to
November 2022 (see Tab. B4 in Appendix B). Specifically, the
combined market cap of the 70 sampled NFT projects repre-
sents 50.81% of the total market cap of all NFT projects (n =
23,329). Additionally, the combined sales volumes of these
sampled projects account for 51.81% of the total volume.
These figures indicate that our sampling is representative,

and the trading and migration activities within these NFT
projects can provide insights into the overall situation of
NFT marketplaces. Then, we applied a web crawler and
API acquisition method for data collection by searching
the names, smart contract addresses, or Twitter hashtags
of the selected NFT projects. As such, we gathered NFT
transaction data, project character data, and social media data
on a daily basis, including 511,408 unique wallet addresses
and resulting in over 1.2 GB of data in total (see Tab. B5 in
Appendix B):

• NFT transaction data is collected by smart contract ad-
dresses of NFT projects including trading records of
different wallets, with a similar data structure to the
one introduced in [56].

• Project character data is collected by smart contract ad-
dresses as well and contains projects’ meta information
(e.g., logo links and official websites) and characteristics
(e.g., the creation time and floor prices of NFT projects).

• Social media data is collected by Twitter hashtags and
reflects the popularity of NFT projects on Twitter.

For data wrangling, we mapped SQL tables into Python
object classes by SQLAlchemy’s ORM (Object Relationship
Mapper) [71], which serves as an intermediary layer be-
tween the backend and the database to increase the effi-
ciency of response (Fig. 2A2).

5.2 Data Pre-processing
We pre-processed the substantial heterogeneous data from
the three sources (Sec. 5.1) into tabular numeric data.

For NFT transaction data, we derived the daily number of
holders, sellers, and buyers in each NFT project with wallet
addresses. Notably, sellers, buyers, and holders represent
the three essential categories of stakeholders engaged with
NFT projects during a specific period. Thus, we ensured
the sum of their percentages equals one. In addition, we
calculated the number of co-occurring buyers, sellers, and
holders between every two NFT projects, whose percentages
also add up to one. Furthermore, we applied the correlation
coefficient [72] to analyze any changes in co-occurrence over
time. For social media data, we translated all Tweets into
English and categorized them based on project hashtags. To
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Fig. 3: (A) Three data-fitting examples compare our M1 definition (red) and the traditional method (black) against actual
NFT project sales volumes (green), demonstrating that our approach is more accurate in mirroring stakeholders’ perceptions
of recency in NFT marketplaces. (B) Three examples show a positive correlation between our M2 definition (red) and the
number of transfers (black) and liquidity (green) of NFT projects, underscoring our method’s effectiveness and reliability.

determine the prevalence of each NFT project on Twitter, we
utilized a weighted sum technique that considers the daily
volume of retweets, replies, likes, and quotes [51]. Moreover,
we calculated the daily social media sentiment polarity for
NFT projects by multiplying the sentiment polarity of each
tweet, as determined by word embedding [73], with its
intensity coefficient, i.e., corresponding popularity value.

We transformed and normalized data from three sources
into numerical formats, which we then integrated into our
analysis and visualization modules for deeper exploration.

5.3 Mechanisms Quantification
We quantify three substitution mechanisms according to
their definitions and impact attributes (Tab. 2). Remarkably,
the measurements for preferential attachment and propensity
include two hierarchical levels: mutual and global.

5.3.1 Recency
Recency (M1) reflects the longevity of NFT projects by
combining their popularity and existing duration to gauge
freshness, described as follows:

Ri(t) =
Li(t)

∆t
, (1)

Where Li(t) indicates the average popularity of NFT
projects over a certain period, and ∆t is the days since their
launch. More social media discussions and newer launches
within the timeframe result in a higher recency value.

Justification: A conventional measurement for the recency
of NFT projects is solely on a project’s launch dates, i.e.,
1/∆t. Nevertheless, through promotion on social media,
prior projects can foster a resurgence of interest within their
respective communities, thereby revitalizing their appeal
toward potential stakeholders. Thus, NFT projects’ popu-
larity on social media hugely influences the measurement

of the recency mechanism. As Fig. 3A demonstrates, the
adopted M1 measurement (Eq 1) aligns closely with the
temporal evolution in NFT sales volume, outperforming the
conventional 1/∆t method.

5.3.2 Preferential Attachment
Preferential attachment, gauged by a cross-comparison of
co-occurring buyers, sellers, and holders, measures the rela-
tive appeal of NFT projects. Specifically:
Mutual Preferential Attachment indicates the likelihood of
a stakeholders transiting from project i to project j at time
t, denoted as Pi→j(t). We align users’ inflow and outflow
between paired NFT projects, expressed as

Pi→j(t) ≡
Si(t) ∩Bj(t)

H∗
i (t)

, (2)

where Si(t)∩Bj(t) is the number of co-occurring wallet ad-
dresses concurrently buying tokens in the project j (Bj(t))
and selling tokens in the project i at time t (Si(t)). H∗

i (t) is
the number of wallet addresses holding the project i up to t.
Global Preferential Attachment (M2) evaluates the prefer-
ence level of one NFT project over others at certain times.
It can be derived from the mutual preferential attachment
among NFT projects and the corresponding number of
holders at time t, as:

PAi(t) ≡
∑

k,k ̸=i Pk→i(t)Hk(t)−
∑

j,j ̸=i Pi→j(t)Hi(t)

Hi(t)

=
∑
k,k ̸=i

Pk→i(t)
Hk(t)

Hi(t)
−

∑
j,j ̸=i

Pi→j(t).

(3)

The numerator is the expected amount of net inflow stake-
holders to project i, normalized by the number of its holders
at time t. A positive value indicates the number of bullish

This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2024.3402834

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on August 26,2024 at 15:40:58 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 8

Mutual Substitution Flow
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Fig. 4: Illustration of quantifying the mutual substitution
flows (MSFs) between NFT projects.

stakeholders is expected to outnumber those bearish ones
on project i, while a negative value refers to outflows of its
current holders.

Justification: We analyzed the correlation between M2
and both the number of transfers and the liquidity of
NFT projects to assess the effectiveness of M2. Given that
M2 measures the relative attractiveness of NFT projects to
stakeholders, we anticipated a positive correlation with the
number of transfers and liquidity. Firstly, we ranked all
NFT projects based on daily data for these three metrics.
Secondly, we calculated the correlation between the tem-
poral rankings of M2 and the rankings of the other two
metrics for each project. As Fig. 3B exemplifies, the temporal
rankings of the three metrics show a positive correlation for
most projects. Moreover, M2 displays a smoother pattern of
change than the other two metrics, suggesting its reliability
for gauging the preference level of NFT projects.

5.3.3 Propensity
Propensity measures how similar NFT projects are by com-
paring their high-dimensional, inherent characteristics si-
multaneously. We calculate mutual and global propensity
in four steps: We first utilize MiniRocket [74] to transform
and classify the multivariate development sequence of NFT
projects into grouped features by random convolutional
kernels. Then, we provide two techniques, i.e., K-means and
Gaussian mixture models, to cluster similar NFT projects
with multiple impact attributes selected by the users for a
specific duration (Fig. 2B2). Subsequently, we calculate the
Mutual Propensity, i.e., λij in Eq 5, between every two
NFT projects by projecting them onto a coordinate system
to detect their cosine similarity [75]. Finally, to estimate the
Global Propensity (M3), i.e., Λi(t), we create a matrix to
map the value of mutual propensity for every paired NFT
project as vectors. We thus re-rank the mutual propensity
distribution, yielding the estimation of the global propensity
of individual NFT projects.

Justification: We employed feature coordinates to define
M3. Algorithm 1 uses the market-cap weights and clus-
tered feature coordinates of projects as inputs. Through
mean square error optimization, it determines the market-
wide feature coordinates. The cosine similarity between
a project’s feature vector and the market universe vector
measures how much a project’s features align with the
entire market, defining the Global Propensity concept. This
calculation succinctly illustrates the similarity of individual
projects to the broader market, as assessed by domain
experts examining the clustering results.

Fig. 5: Illustration of quantifying global impact dynamics of
individual NFT projects.

5.4 Simulating Substitutive Systems
We simulate a node-link graph for substitutive systems
of NFT transactions by integrating mechanism values and
stakeholders’ flows between NFT projects.

5.4.1 Mutual Substitution Flow (MSF)
Mutual Substitution Flow (MSF) denotes the direction
and intensity of migrated stakeholders’ inflow and outflow
between paired NFT projects (Tab. 1). We adapt the evalu-
ation of users’ change rate among products in substitutive
systems defined by Jin et al. [16] and propose Eq 4 to detect
the MSF between paired NFT projects:

Fij(t) ≡ Pi→j(t) ·Hi(t)− Pj→i(t) ·Hj(t). (4)

Notably, the measurement of MSF is based on calculating
mutual preferential attachment values. It measures the net
stakeholder flow from one NFT project to another (Fig. 4).
Respectively, the minuend in Eq 4 is the expected number of
stakeholders who transit from project i to project j at time
t, and the subtrahend evaluates the opposite flows.

5.4.2 Mutual Substitution Rate (MSR)
Mutual Substitution Rate (MSR) captures the extent to
which a specific NFT project is more likely to substitute
for some counterparts than others. MSR is an essential
component to gauge the impact dynamics of NFT projects

Algorithm 1 Global Propensity

Input: Feature Data v = {vi}Ni=1 & Market cap weights
w = {wi}Ni=1

Output: Global propensity (M3) Λ = {Λi}Ni=1

Compute market vector: M← argminM

∑n
i=1 wi∥vi−M∥2

Loss function L(M) :=
∑N

i=1 wi∥vi −M∥2
L′(M) = −2

∑N
i=1 wi(vi −M) = 0

M :=
∑N

i=1 wivi/
∑N

i=1 wi = argminML(M)
for i← 1 to N do

vi,sqr ← 0, Msqr ← 0, pi ← 0
for j ← 1 to K do

vi,sqr ← vi,sqr + v2
i,j

Msqr ←Msqr +M2
j

pi ← pi + vi,j ×Mj

end
vi,norm ← vi,sqr ˆ 0.5
Mnorm ←Msqr ˆ 0.5
Λi ← pi/(vi,norm ×Mnorm)

end
return Λ← {Λi}Ni=1
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Fig. 6: NFTracer interface: (A) Propensity Analysis View, (B) Mechanisms Analysis View, (C) Substitution View, and (D) Impact
Dynamic View. This screenshot reveals the MSF between the vintage NFT project CryptoPunks and the popular NFT project
Cool Cats, their co-occurring stakeholders (D1-3), and the temporal evolution of their impact dynamics (D4).

defined in Eq 6. We revised the original equation of MSR
identified in the MS model as follows

Πi→j(t) ≡ λij(t) · Pi→j(t) ·Ri(t). (5)

Πi→j(t) is the product of mutual propensity λij(t), mutual
preferential attachment Pi→j(t), and recency Ri(t) defined
in Sec. 5.3. It is a unitless value to describe the likeliness of
stakeholders’ flow into project j from project i.

5.4.3 Impact Dynamic Analysis
Impact Dynamic reflects the global appeal of individual
NFT projects to stakeholders in substitutive systems (Fig. 5).
Combining three mechanisms, we define impact dynamics
by two parameters: MSR, i.e., Πi→j(t), and the number of
holders in the selected duration H(t), expressed as

Mi(t) ≡
∑
k

Πk→i(t) ·Hk(t)−
∑
j

Πi→j(t) ·Hi(t). (6)

Mi(t) estimates the project’s current probability to outrun
all others in terms of attracting stakeholders, i.e., impact
in the whole substitutive systems. Similar to three mecha-
nisms, Mi(t) is also a continuous value that allows the user
to evaluate the growth patterns of NFT projects.

6 VISUAL DESIGN

Our visual design aimed for a delicate equilibrium: mar-
rying efficiency with beneficial obstructions that enhance
the user experience. We streamlined the analysis process for
impact dynamics, prioritizing a seamless interface. Concur-
rently, we crafted innovative designs such as the Substitution
View and the Impact Dynamic View, each introducing a care-
fully measured degree of visual complexity. This intentional

intricacy promotes active user engagement and cognitive
processing during system interaction [76]. The ultimate goal
is to strengthen long-term memory retention and deepen the
understanding of the substitutive systems and underlying
mechanisms governing NFT marketplaces.

NFTracer contains four well-coordinated views (Fig. 6).
Users can start by selecting time windows and impact
attributes in Propensity Analysis View (Fig. 6A). NFTracer will
automatically identify and cluster NFT projects within the
selected duration. Besides, users are allowed to adjust the
cluster method and group numbers until it yields satisfac-
tory results (R1, R3). Simultaneously, the Mechanisms Anal-
ysis View (Fig. 6B) will exhibit the inter-group distribution
of mechanism values and impact dynamics (R2, R4). Then,
users can highlight a group in Substitution View (Fig. 6C) to
investigate the mutual substitution flows of NFT projects
within the group (R2, R3). Finally, Impact Dynamic View
(Fig. 6D) will present the preferential attachment value of
NFT projects within the selected group. Furthermore, users
can explore and compare the growth patterns of paired
NFT projects by observing the evolution of the number of
stakeholders, mechanisms, and impact dynamics (R5, R6).

6.1 Propensity Analysis View
Propensity Analysis View (Fig. 6A) contains two parts: the
upper Control Panel, which supports customized analysis
(R1), and the lower Project List (R3), which displays the
tabular data of NFT projects that existed in the sliced period.

Description: The upper Control Panel function to specify
users’ analysis scope. Users can narrow down to a specific
time window from June 2021 to November 2022 for analysis
by clicking the overly open calendar from the time slice
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Visual & Interaction Design of the Substitution View
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Fig. 7: Visual and interaction design of the Substitution View: (A) Multi-attribute-aware layout to provide fine-grained
analysis of NFT projects with the toolkit and design details illustrated; (B) One example of the fisheye project network
displaying the stakeholders’ flow-in and out of CryptoPunks; (C) One example of the square group network exhibiting the
node-link graph of stakeholders’ migration among NFT projects within Group 5.

component. Along with selecting impact attributes, the clus-
tering method, and the number of groups, users can quickly
identify the data of interest and personalize the propensity
values for further exploration.

The lower Project List provides detailed information on
all sampled NFT projects existing within the selected time
window. These projects are clustered into groups and sorted
by the number of projects in each group. Users can scroll
through the Project List and expand specific projects for
more detailed information. Additionally, they can focus on
subsets of particular groups by the filtering interaction.

Justification: In addition to providing group-based tab-
ular data on NFT projects, we explored an alternative ap-
proach to project their multi-variate attributes into a 2D
space using dimension reduction techniques such as t-SNE
[77]. However, the resulting visualization did not effectively
reveal distinct groups. Moreover, the projected view added
cognitive load for users who required detailed data to
streamline their analysis workflows and focus on specific
groups or group members.

6.2 Mechanisms Analysis View
The Mechanisms Analysis View (Fig. 6B) shows group-based
distributions of mechanisms and impact values, facilitating
inter-group comparisons for users (R2, R4).

Description: This view consists of two juxtaposed parts.
The left section displays four bar charts arranged in a
quadrant layout, illustrating the value distributions for three
mechanisms and the corresponding impact dynamics (R2).
Respectively, these mechanisms and impact dynamics are
color-coded in orange, green, blue, and red. The x-axis rep-
resents the normalized values of these factors, while the y-
axis indicates the number of NFT projects. Additionally, the
right section features parallel coordinate plots (PCPs) that
follow the group color palette. These PCPs show the val-
ues for the three mechanisms and impact dynamics across
individual NFT projects, organized by group. Users can
directly observe and compare the inter-group distributions

of three mechanisms and impact dynamics (R4). Moreover,
users can highlight NFT projects of interest in Mechanisms
Analysis View by selecting project names. Thus, users can
quickly assess this project with its normalized mechanisms
and impact dynamics values during the selected duration.

Justification: In addition to PCPs, we also experimented
with radar plots to showcase the value distributions of indi-
vidual NFT projects grouped accordingly. However, domain
experts opined that the circular design of radar plots is not
intuitive, potentially leading to a steeper learning curve.
Furthermore, radar charts have scalability limitations, re-
sulting in visual clutter, especially when dealing with a
substantial number of NFT projects.

6.3 Substitution View
The Substitution View (Fig. 6C) features a substitution wheel
with a triangular node-link graph and an outer cluster ring,
illustrating substitutive systems. This view supports explor-
ing the market performance of NFT projects and identifying
the substitution flows between them (R2, R3).

Description: The innermost substitution triangle is a node-
link graph applying multi-attribute-aware techniques from
the opinion wheel [78] for layout design. As per the require-
ments of domain experts, it concurrently presents stake-
holder proportions across different categories to facilitate
the rapid evolution of NFT projects’ growth status. Mean-
while, buyers, sellers, and holders represent all relevant
stakeholders of one NFT project during the selected du-
ration, ensuring the sum of the percentage of tripartite
stakeholders equals one. This rationale underpins our se-
lection of an inscribed equilateral triangle as the projection
coordinate system. Specifically, we map the status of NFT
projects as vectors within the equilateral triangle with three
vertices denoting the extreme status of buyers, sellers, and
holders. The vectors denoting NFT projects are defined as
(b, s, h), where b + s + h = 1 (Fig. 7A). The vectors are
colored based on the cluster they belong to. Directional links
between vectors represent the directions and intensity of
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Visual Design of the Substitution View Alternative Design
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Fig. 8: (A) Substitution View presenting the node-link graph
centering CryptoPunks in the fisheye sparse configuration;
and (B) the alternative design utilizing a node-link graph
with nodes representing NFT projects arranged in a circular
layout according to their holder count.

MSF, as determined by Eq 4. Therefore, users could quickly
extract 1) the substitutive systems of grouped NFT projects with
ascending or descending trend visually presented (R2), and 2)
NFT projects that are more likely to substitute each other (R3).

The unsealed cluster ring comprises two layers. The
narrow outermost circle represents different groups, with
the length of each arc indicating the number of NFT projects
within that group. These arcs are organized in a clock-
wise descending order, which facilitates users in assessing
and exploring the outcomes of the clustering process. Syn-
chronously, the inner, unevenly divided ring ranks NFT
projects by their current number of holders. The white
section of cluster ring denotes NFT projects that have expired
or have not been launched within the duration.

This view provides four major interactions as follows:
Group Filter. By clicking the outermost cluster ring, the
substitution wheel will exclusively display the selected group,
its members, and in-between links. Simultaneously, the
Mechanisms Analysis View will highlight the mechanism
distribution of the corresponding group, and the Impact
Dynamic View will be refreshed to display associated details.
Highlight Individual NFT Projects. Users can inspect over-
lay information on NFT projects by hovering over the inner
circle arcs of the cluster ring or vectors in the node-link
graph (Fig. 8A). We designed a three-layered NFT status
glyph to encapsulate the development trend of individual
NFT projects. The glyph is three-layered (Fig. 9). The top
layer displays the official logos of NFT projects. The middle
layer presents a pie chart featuring the ratio of buyers,
sellers, and holders of NFT projects for the current time
window. Lastly, the bottom layer portrays a quadratic donut
chart with the length of arcs proportional to the normalized
values of the three mechanisms and impact dynamics of
NFT projects over the same duration. Clicking on these
inner circle arcs, the substitution wheel will reveal all relevant
substitution flows connected to the selected NFT projects,
i.e., the substitutive network of individual NFT projects.
Sparse Configuration. To avoid visual clutter, we offer two
sparse configurations for users to examine the substitution
flows. One is the fisheye view [79] (Fig. 7B), and the other
is square-sparse view (Fig. 7C). Both methods maintain the
original relative positions of nodes denoting NFT projects.
Clear Content. Users can reset the substitution wheel and
restart their analysis at any interaction stage.

Fig. 9: The design of the NFT status glyph illustrates the
development trend of individual NFT projects.

Justification: We considered leverage chord diagram or
augmented RadViz with parallel coordinates [80] to illus-
trate the substitutive systems. Comparatively, chord dia-
grams can only reveal one-dimensional attributes such as
holder count in Fig. 8B, whereas using augmented RadViz
with parallel coordinates requires more space. Crucially,
neither of these methods efficiently showcases the status of
NFT projects. As EB stated, “The appeal of NFT projects to
stakeholders is reflected in their transaction behaviors. In other
words, the proportion of holders, sellers, and buyers in the stake-
holder pool can indicate whether the impact of the current NFT
project is in a rising or declining phase.” As such, our multi-
attribute-aware technique is deemed superior in providing
comprehensive insights.

6.4 Impact Dynamic View
According to domain experts, studying the impact dynamics
of NFT projects requires a two-dimensional comparison.
This involves examining the number of co-occurring stake-
holders and the correlation between their volume changes
(R2, R3). It also involves analyzing the temporal growth
pattern of individual NFT projects (R5, R6). To facilitate
this analysis, the Impact Dynamic View (Fig. 6D) presents the
bipartite set relations of NFT projects through the top Pref-
erential Attachment View. Meanwhile, the bottom Individual
Evolution View illustrates their temporal development.

Description: The upper Preferential Attachment View (Fig. 6
D1) demonstrates co-occurring stakeholders of paired
projects within each cluster, alongside the correlation co-
efficients of three behavioral dimensions, i.e., sell, buy, and
hold (R2, R3). To present the co-occurring stakeholders, we
measured the number of recurring wallet addresses between
pairs of NFT projects. We also calculated the correlation co-
efficients for the temporal evolution of three types of stake-
holders. We then compared state-of-the-art visualizations
for bipartite relationships. Ultimately, we adapted Aggreset
[81] to display and correlate the co-occurring stakeholders
across all three categories within a set matrix.

The set matrix comprises stakeholder co-occurrence glyphs,
each split into two halves (Fig. 10A) [82]. The right half’s
semicircular rose diagram shows three equally angled sec-
tors for buyers (dark violet), sellers (lilac), and holders (grey)
in NFT project pairs, with radial distances indicating their
proportions. The left half’s concentric donut plots reveal the
correlation coefficients for stakeholders’ temporal evolution.
Angles indicate the coefficients’ absolute values, with red for
positive and blue for negative. The magnitude of each glyph
signifies the quantity of co-occurring stakeholders in three
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Fig. 10: The final glyph design (A) and two alternatives
(B) exhibit the co-occurring stakeholders between two NFT
projects and their evolution correlation coefficient values.

categories. The right half of Preferential Attachment View com-
prises three horizontally aligned histograms, showing the
number of sellers, buyers, and holders of individual projects
during the selected duration. The sum of stakeholders ranks
the aligned histograms in three categories.

The Individual Evolution View located at the bottom dis-
plays a comprehensive comparison of NFT projects’ tempo-
ral evolution (R5, R6). This view combines a stacked bar
chart, an area chart, a line chart, and a scatter plot to deliver
the growth patterns of NFT projects. It demonstrates the
daily fluctuations of stakeholders in three categories, the
value of mechanisms, and impact dynamics for individual
NFT projects throughout the selected period. The glyphs
representing individual NFT projects are also incorporated
into this view. Summarizing the data is crucial when analyz-
ing NFT market performance, considering price and pop-
ularity volatility. This representation reminds users about
long-term market performance and potential rather than
solely focusing on short-term trends.

This view provides two details on demand interactions:
Co-occurrence Highlighting. Via clicking stakeholder co-
occurrence glyphs in the set matrix, the right histograms
display short vertical lines (Fig. 6D2). These lines illustrate
the proportion of co-occurring stakeholders within their
respective categories in the chosen paired NFT projects
(Fig. 6D3). The color coding of these lines signifies whether
the correlation coefficient is positive or negative.
Paired Comparison. Selecting the stakeholder co-occurrence
glyphs in the set matrix reveals the Individual Evolution View,
illustrating the temporal progression of NFT projects. This
view allows for ranking projects by their longevity, impact
dynamics, and overall stakeholder engagement.

Justification: To design the Preferential Attachment View,
we surveyed the state-of-the-art visualization techniques
that depict set relationships for domain experts to com-
pare. We considered four candidate approaches, including
OnSet [83], Radial Sets [84], AggreSet [81], and UpSet [85].
Domain experts posited all as capable of analyzing co-
occurring stakeholders in paired NFT projects. However,
OnSet necessitates re-defining matrix encoding and is not
intuitive for displaying three categories of stakeholders. On
the other hand, UpSet and Radial Set require larger display
space, that may be considered overqualified as they excel in
one-to-many or many-to-many comparison scenarios. Thus,
we modified the Aggreset due to its intuitive display of co-
occurring stakeholders between similar projects, enabling
rapid bipartite comparisons. Additionally, we streamlined
project filtering through a cross-view interaction (see details

in Sec. 6.3), providing simplicity and space efficiency.
For the Individual Evolution View, we initially intended

to use dual y-axes to consolidate data from three types
of stakeholders. However, we recognized the risks of user
confusion and challenges with direct comparisons. To mit-
igate these issues, we created separate area charts for the
larger dataset, the number of holders. Furthermore, we
strategically used scatter plots and line charts to distinguish
between impact dynamics and mechanisms. We combined both
visual methods, considering that impact dynamics act as
dependent variables for the three mechanisms and serve
as key indicators for users evaluating NFT projects’ market
appeal. The fusion of line charts and scatter plots enables
domain experts to compare metrics more effectively.

7 CASE STUDIES

This section presents two case studies based on real NFT
transaction data with domain experts EA and EC . They
freely explored NFTracer and gained insights into the growth
patterns and substitute relationships among NFT projects.
Each case study lasted for around one hour.

7.1 Case 1: Characterizing “(Un)healthy” NFT Projects
Identifying the growth patterns differentiates “healthy”
NFT projects, with longer lifespans and better performance,
from “unhealthy” ones showing the reverse (R1, R4, R5).

Insight 1: Stable and gradual change in mechanisms
is the key to maintaining a “healthy” trend for NFT
projects (Fig. 11A). EA characterized the growth patterns
of “healthy” NFT projects by exploring the distribution
and development of mechanisms. EA started by slicing the
time window from June to September 2022 and selected all
attributes to cluster similar NFT projects into seven groups
(R1). Then he noticed from the Propensity Analysis View
that some “healthy” NFT projects had been clustered into
Group Three, including Dooplicator, Doodles, 0N1 Force,
and Bored Ape Kennel Club. Next, he investigated the
Mehchanisms Analysis View and found their propensity (M3)
values to be relatively low (R4). Since M3 measures how
similar NFT projects are, he interpreted that, “lower M3
values could indicate unique growth patterns with a higher possi-
bility of survival.” As such, EA explored the Impact Dynamic
View to analyze the evolution of individual projects (R5).
He observed that the value of recency (M1) exhibited cyclic
growth since the launch of projects. This pattern echoes
his domain knowledge about how brokers periodically en-
hanced the popularity of NFT projects on social media to
refresh stakeholders’ impressions. Moreover, he found that
preferential attachment (M2) values decreased evenly in
well-performing projects. Particularly, EA pinpointed one
atypical “healthy” project, CryptoPunks, whose M2 value
consistently remained high. He stated, “CryptoPunks occupies
a distinctive position as an ‘antique’ in the NFT community,
which reduces stakeholders’ willingness to sell.”

Insight 2: Dropping stakeholders’ attention and inter-
est can lead to “unhealthy” churns (Fig. 11B). With similar
analysis pipelines, EA also identified growth patterns of
“unhealthy” NFT projects, e.g., MekaVerse, Monaco Planet
Yacht, and SupDucks. He concluded from the Impact Dy-
namic View that M1 decreases rapidly after the initial launch
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Fig. 11: Illustration of case 1. (A) EA sequentially utilized the Propensity Analysis View (a1), Mechanisms Analysis View
(a2 & a3), and Impact Dynamic View (a4) to identify and characterize “healthy” NFT projects. (B) He detected features of
“unhealthy” NFT projects from the Impact Dynamic View (b1 & b2) and the Substitution View (b3).

in these projects, indicating a deficiency in communication
between the project launcher and stakeholders (R5). Fur-
thermore, their M2 value tends to be relatively low, present-
ing a failure in maintaining attractiveness to stakeholders
(R4). Particularly, EA observed the substitution flows in the
Substitution View and noted an escaping trend of stakehold-
ers owning aforesaid projects (R1), which denotes lower
user loyalty with many stakeholders migrating from these
projects to more promising ones. EA explained, “Stakeholders
can leave for multiple reasons, such as launchers’ inability to fulfill
the promised road map, rug and pull strategies, and no appropriate
incentives for community members.”

7.2 Case 2: Compare Competitive NFT Projects
Stakeholders can refine their investment portfolios by iden-
tifying and comparing mutually substitutable NFT projects
(R2, R3, R6), yielding two key insights from EC .

Insight 1: NFT projects featuring a higher degree
of similarity are more likely to substitute each other
(Fig. 12A). EC verified his hypothesis that similar projects
were more likely to mutually substitute by comparing the
values of propensity and substitution flows. He started by
observing the group-based sub-dataset from April to July
2022 with all attributes selected in the Propensity Analysis
View. While inspecting the Mechanisms Analysis View, he
noticed that NFT projects in Group Four tended to possess
higher propensity values (R2). EC then used the Substitution
View to inspect substitution flows within this group (R3).
Next, he randomly highlighted individual NFT projects
belonging to this group and examined their relevant node-
link graphs. By comparing the thickness of substitution
flows and hovering over specific flow values, EC found
that substitution flows between group members with higher
propensity values tended to be thicker than nonmembers,
implying a higher possibility of substitution. Hence, he
concluded, “While stakeholders move freely among various NFT
projects, those sharing similarities tend to have more migrated
stakeholders between them.”

Insight 2: Competitive NFT projects akin to mechanism
distributions are negatively correlated in impact dynamics

values (Fig. 12B). EC compared co-occurring stakeholders
and the impact dynamics evolution among similar projects
to analyze competitive ones. Upon filtering Group Four, he
noticed in the Impact Dynamic View that World of Women
(WoW) and World of Women Galaxy (WoWG) shared the
most co-occurring stakeholders, with the number of sellers
and buyers negatively correlated (R3). Thus, he commented,
“The buyers and sellers of these two NFT projects share a
reciprocal relationship. However, their holder base is positively
correlated, suggesting that they have overlapping target audiences
and are in competition.” Furthermore, EC selected these two
projects in Mechanisms Analysis View and found that despite
having comparable mechanism distributions, notable dif-
ferences existed in their impact dynamics values (R2). He
then analyzed the Individual Evolution View of paired NFT
projects, detecting that WoWG had lower M2 values and
impact dynamics than WoW (R6). Moving to the Substitution
View, he observed a notable stakeholder migration from
WoWG to WoW in the substitution flow as expected.

8 USER STUDY

This section introduces the procedure and results of evalu-
ating NFTracer with 13 NFT stakeholders.

8.1 Participants and Procedure
We recruited 13 stakeholders (S1–13: M = 6, F = 7) from
NFT communities, such as WeChat groups and Twitter
spaces, with diverse backgrounds (please refer to Tab. C6
in Appendix C). These stakeholders have various market
roles, including investors, critics, scholars, and collectors,
aged between 24-32 (Avg = 27.62, SD = 4.24). Moreover,
their experiences with NFT transactions range from 0.4 to
2.5 years (Avg = 1.14, SD = 0.43).

In this study, we first collect demographic information
and consent forms from the participants. Then, we introduce
them to the key concepts relevant to the substitutive systems
of NFT transactions, followed by the design and workflow
of NFTracer. Specifically, we demonstrated our system’s
workflow using a pre-trained dataset from August 15, 2021,
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Fig. 12: Illustration of case 2. (A) EC sequentially explored the Mechanisms Analysis View (a1), and Substitution View (a2 &
a3) to compare networks of similar NFT projects with dissimilar ones. (B) He compared two competitive NFT projects by
sequentially investigating the Impact Dynamic View (b1), Mechanisms Analysis View (b2), and Substitution View (b3).

to March 10, 2022. We started by introducing the control
panel within the Propensity Analysis View, then applied the
K-means method with all impact attributes selected and
set six clusters for NFT projects. We detailed the three
mechanisms and impact dynamics, along with their visual
encoding, through the Mechanisms Analysis View for the
participants. We also showcased the visual encoding and
interactive features of the Substitution View and Impact Dy-
namic View. During the 20-minute presentation, participants
were encouraged to freely interrupt with questions.

Afterward, we let participants freely explore NFTracer
and familiarize themselves with its functions (10 mins). We
continually observed their behavior during this process.
We addressed the participants’ inquiries concerning the
system’s visual and interaction design until they were ready
for three user study tasks, which we then timed as they com-
pleted. Later, we conducted semi-structured interviews to
gather their feedback and suggestions on using the system
(see responses in Tab. C8). Finally, we ask the participants
to evaluate NFTracer using a seven-point Likert scale (see
questions in Tab. C7). The entire user study is conducted
and recorded on Zoom, taking about 75 minutes.

8.2 Task Completion
Participants were invited to complete three analysis tasks
derived from six design requirements (see Sec. 3.4) follow-
ing the think-aloud protocol [86], which are: finding similar
NFT projects that have a higher mutual substitution possi-
bility (Ta); identifying and compare inter-group mechanism
distributions (Tb); and selecting and comparing the time-
varying growth patterns of individual NFT projects (Tc). We
informed the participants that there was no single correct
approach or answer for completing each task in advance.
Ta takes an average of 8.04 minutes (SD = 2.90) as this
task requires a comprehensive analysis, and stakeholders
have limited trust in automatic clustering outcomes for NFT
projects. They prefer to leverage the Mechanisms Analysis
View or Impact Dynamic View to identify similar projects.
Furthermore, some participants found detecting mutually
substitutive projects time-consuming, especially when sub-

stitution flows were dense. In contrast, Tb and Tc took
less time to complete, averaging less than five minutes, as
participants can easily identify the relevant views for inter-
group or individual project comparisons.

8.3 Measures and Results
We used semi-structured interviews and a seven-point Lik-
ert scale [56] to assess the informativeness, effectiveness, design,
and usability of NFTracer, with results shown in Fig. 13.

Informativeness (Q1-3). Participants generally reported
that NFTracer provided sufficient information to gain in-
sights into the substitutive systems for NFT transactions as
desired. They appreciated the details on demand interactions
in the Substitution View and Impact Dynamic View, which
helped investigate the substitution flow and co-occurring
stakeholders between NFT projects. Some suggested in-
cluding more information about defining and quantifying
mechanisms to shorten their learning time and facilitate the
usage of Mechanisms Analysis View.

Effectiveness (Q4-7). Overall, participants found the
system effective. They mentioned that quantified mecha-
nisms and impact dynamics facilitated their hierarchical
understanding and comparison of the substitutive systems
of NFT transactions. Particularly, they mentioned that the
set matrix and stakeholder co-occurrence glyph were impressive
and helped deepen their understanding of the Preferential
Attachment mechanism. S4 said, “The glyph design was harmo-
nious and effective, which increased my interest in exploration.”
This feedback aligns with the findings of Hullman et al.
[76], suggesting that well-designed visual difficulties can
enhance users’ perception and understanding.

Visual Design and Interaction (Q8-12). In general, par-
ticipants acknowledged all views as functional and intu-
itive. Most highlighted the Impact Dynamic View as appropri-
ate and straightforward for them to compare the substitutive
relationships between NFT projects. Some commented on
the Substitution View as novel and interesting to explore.
However, they suggested slightly extending the pixels of
the node-link graph within the substitution wheel to smooth
relevant interactions. For example, S2 opined that “I think
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Fig. 13: Seven-point Likert scale results: The middle column
shows Mean ± SD adjacent to the bar chart.

it would be better to expand the node-link graph in Substitution
View a little bit more, and thus, I can compare the amount of
migrated stakeholders more quickly.”

Usability (Q13-15). Most participants found NFTracer
useful for NFT impact dynamics analysis. Specifically, col-
lectors and researchers (S2, S10, S12) noted that our sys-
tem, particularly Mechanisms Analysis View, assisted them in
quickly identifying and filtering NFT projects of interest. For
instance, S2 appreciated the group-based PCPs for intuitive
inter-group comparisons, which streamlined his analyti-
cal framework. Meanwhile, investors (S6, S11) highlighted
NFTracer’s capability for tracking macro market trends by
detecting stakeholder migration. S6 was pleased with the
system’s overall workflow and has already endorsed it to his
peers. Furthermore, he proposed integrating Etherscan and
Twitter APIs for real-time data or connecting his company’s
database for future use in his routine analytics.

9 DISCUSSION

Lessons Learned. We learned lessons from collaboration
with domain experts when developing NFTracer. First, a
domain-driven design is beneficial for clarifying the re-
search scope and developing the model. We discovered
that domain experts presupposed influencing factors for
evaluating NFT projects, whereas needing help quantifying
them. Visually presenting potential models, discussing with
domain experts, and gathering stakeholders’ responses can
identify the mechanisms and impact attributes needed for
simulating the model. Second, flexible interactions matter
when the system serves users from diverse backgrounds.
In our case, individuals prefer different periods and impact
attributes to simulate the substitutive systems of NFT trans-
actions, which necessitate flexible interactions. Third, we
find that proficiency in visualization literacy can influence
users’ perceptions of usability. Despite providing consistent
demonstrations of the system to all participants, individuals
with expertise in visualization and mathematics tended to
provide more positive usability evaluations. Participants
in humanities, social sciences, and arts found learning the
NFTracer more challenging than those from STEM fields. For
instance, these participants (S7, S8, S13) took longer to adjust
to the visual analytics approach. This observation might
suggest a higher cognitive and learning demand for indi-
viduals less accustomed to complex data dashboards when
transitioning to visual analytics. However, these correlations
are not definitive, warranting further research to explore
the impact of their research practices on visual analytics

proficiency. Last but not least, model interpretation facili-
tates stakeholder exploration. We found that stakeholders
lack confidence in the algorithm’s automatically generated
results when they have a limited understanding of its under-
lying process. This skepticism is further compounded if the
independent variables employed by the algorithm do not
align with their personal experiences. Thus, balancing effi-
ciency and explainability by providing fine-grained visual
presentations for underlying mechanisms is valuable.

Applicability. Our NFTracer system supports both one-
off analysis and continuous monitoring of NFT market-
places. Some participants (S1, S5, S6, S11) engaged in multi-
ple analyses over different time windows when completing
Tc in the user study, demonstrating NFTracer’s utility be-
yond one-off analyses, catering to both sporadic and regular
monitoring needs in the NFT market. Furthermore, NFTracer
transcends its role as merely an analysis and monitoring tool
within the NFT industries. It enhances the explainability of
the MS Model, a crucial method that enables researchers
to adeptly navigate the rapidly evolving global techno-
economic landscape [34]. This enhancement in model trans-
parency not only fosters a deeper understanding of impact
dynamics but also empowers users to customize the MS
Model for their unique areas of study or applications. As
a result, enhancing the interpretability of the MS Model
extends the long-term applicability of NFTracer to a broader
spectrum of practical and research scenarios.

Significance and Generalizability. Impact dynamics
analysis is crucial for understanding innovation processes
[34]. The late 20th-century digital revolution not only
sparked swift changes in concepts, products, and tech-
nologies but also necessitated producers monitoring the
turnover of these fast-paced entities to stay current with
rapidly shifting market trends [87]. Consequently, NFTracer
has targeted NFT marketplaces, given the unique and fast-
evolving nature of NFT data. However, the system also
offers new opportunities for researchers and institutions.
It can be tailored to study competition across various cre-
ative industries, uncovering paradigm shifts in academia
or consumer trends in retail. Moreover, the MS Model is
highly adaptable, supporting the combination of impact
attributes and the integration of new variables for a wide
range of applications to meet diverse research objectives. For
instance, the model can be reconfigured for new domains
by altering attributes, such as replacing price with citation
counts in scholarly research.

Limitations and Future Work. NFTracer is limited in two
aspects. First, NFTracer could be improved by more fine-
grained modeling. We currently consider three major stake-
holder categories, i.e., buyers, holders, and sellers, excluding
one transitional status, which is “listing” tokens from NFT
collections to sell. Moreover, the relevant market infor-
mation on NFT transactions is limited, yet involves more
potential attributes, e.g., cryptocurrency market volatility,
which could be beneficial for analysis. Thus, we will further
broaden attributes in our data set to improve the accuracy
of our model. Second, the MS Model cannot explicitly detect
the feature importance of attributes and mechanisms to NFT
impact dynamics. While stakeholders can infer interrelation-
ships between attributes, mechanisms, and growth patterns
by inspecting temporal evolutions, they cannot accurately
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compare their significance. Future work can leverage vari-
able selection techniques to further interpret this model and
predict the growth patterns of NFT projects accordingly. We
are also integrating NFTracer with real-time data, which is
essential for collectors and investors who need to monitor
market trends and transactions frequently. With this feature,
our system will sustain long-term user engagement, and
we will evaluate the performance and reception of NFTracer
over time. Furthermore, we will collect user interaction logs
with the consent of domain experts to sample and analyze
feedback on NFTracer’s usage in real workplaces.

10 CONCLUSIONS

In this work, we propose an analysis framework for stake-
holders to detect the impact dynamics of NFT projects.
We first extracted analysis criteria, i.e., impact attributes
and mechanisms, through a formative study with domain
experts and stakeholders. Then we constructed the Minimal
Substitution (MS) Model along with intuitive visualizations
to simulate the substitutive systems of NFT transactions as
node-link graphs. Particularly, we present two sparse con-
figuration techniques to resolve the visual clutter issue. Ac-
cordingly, we developed NFTracer, an interactive VA system
for stakeholders to hierarchically explore the substitutive
systems of NFT transactions and identify growth patterns
of NFT projects. Finally, we conducted two case studies
and one user study with target users to demonstrate the
informativeness, effectiveness, visual design, and usability
of NFTracer. In the future, we plan to include more relevant
attributes and leverage variable selection techniques to im-
prove the accuracy of the MS Model and help stakeholders
identify the most significant factors.
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