
Insights into knowledge evolution based on semantic representation 
and dynamic visual analytics
Jieyang Peng, 1,2 Jianing Li, 1 Zhibin Niu, 3 Youzheng Wang, 1 Xiaoming Tao, 1, * Jivka Ovtcharova, 2 and Jianhua Lu 1
*Correspondence: taoxm@tsinghua.edu.cn
Received: May 20, 2025; Accepted: November 5, 2025; Published Online: November 21, 2025; https://doi.org/10.1016/j.xinn.2025.101179
© 2025 Published by Elsevier Inc. on behalf of Youth Innovation Co., Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

GRAPHICAL ABSTRACT

PUBLIC SUMMARY
◼ Maps 40k books in semantic space, revealing hotspot migration.

◼ Interactive KnowFlowViz displays ideas traveling across disciplines.

◼ Semantic embeddings expose hidden links beyond citation networks.

◼ Knowledge transfer flow charts rising and fading research themes.

Policy Implications
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In the field of knowledge science, understanding the structure and dynamic 
evolution of knowledge is essential for advancing disciplinary development 
and anticipating research trends. However, current methodologies lack a 
unified semantic framework for the structured representation of knowl-
edge, which impedes the quantitative analysis of its evolution and limits 
the ability to uncover complex relationships among knowledge entities. 
To bridge these gaps, we propose a structured knowledge representation 
method based on semantic embedding, enabling a deeper and more 
consistent understanding of semantic relationships within knowledge 
units. Building on this foundation, we introduce the concept of knowledge 
transfer flow to quantitatively analyze and visualize the dynamic evolution 
of knowledge hotspots over time, revealing the underlying mechanisms 
that drive knowledge transformation. Furthermore, we develop the 
KnowFlowViz system, which leverages interactive visual analytics to un-
cover intricate structural patterns and evolutionary dynamics within knowl-
edge systems, thereby supporting decision-making and guiding future 
research directions. Our study reveals that established knowledge do-
mains (such as long-standing disciplines) tend to maintain their dominant 
positions, while newly emerging knowledge entities often preferentially 
connect with these domains to form interdisciplinary linkages. This phe-
nomenon of advantage accumulation and preferential attachment acceler-
ates the growth and recognition of newcomers. The findings underscore 
the importance of fostering a more equitable and inclusive knowledge 
network, and they support the development of policies that nurture 
emerging disciplines and sustain a diverse, vibrant knowledge ecosystem.

INTRODUCTION
In the era of information explosion, the volume of knowledge generated and 

accumulated within academic disciplines has reached unprecedented levels. As 
the boundaries between fields become increasingly blurred and interdisciplinary 
research flourishes, the challenge of organizing, navigating, and comprehending 
this vast knowledge landscape poses a significant obstacle for scholars and 
practitioners. 1 Visualization of structured knowledge, positioned at the intersec-
tion of information science, data mining, and human-computer interaction, has 
emerged as an effective means to represent and interpret complex information 
in an intuitive manner. 2 By translating intricate knowledge systems into acces-
sible visual forms, researchers can identify patterns, trace formation processes, 
and uncover migration trajectories of ideas.
Traditional approaches to knowledge representation, typically based on cita-

tion networks and bibliometric methods, offer valuable snapshots of knowledge 
structures but are limited in capturing the dynamic processes of knowledge cre-
ation and transformation. 3 Static representations illustrate relationships and hi-
erarchies at a single point in time, yet they fail to convey the temporal dimension 
of intellectual progress. 4 Understanding the dynamic evolution of knowledge is 
essential, as it reveals how concepts emerge, diffuse, and interact with existing 
paradigms. However, citations themselves are not always reliable indicators of 
intellectual influence, since they may be shaped by author preferences, journal 
policies, or disciplinary norms. 5 Furthermore, due to the overwhelming volume 
of publications, no author can cite every relevant work, which often leaves gaps 
in citation networks and obscures significant intellectual connections, as illus-
trated in Figure 1A.
To address these challenges, recent studies have explored structured and 

semantic approaches to knowledge modeling. Abu-Salih 8 provided a survey

of domain-specific knowledge graphs, while Zhang et al. 9 proposed frameworks 
for semi-structured data classification. Deep neural networks have been 
applied to model hierarchical knowledge, as demonstrated by Peng et al. 10 

with hyperbolic neural networks. Wang et al. 11 mine latent semantic signals 
from a refined knowledge graph via fine-grained attention and contrastive 
embedding, boosting personalized recommendation. Bali et al. 12 proposed 
and empirically evaluated a hybrid semantic similarity framework that fuses 
domain knowledge bases, contextual embeddings, and dynamic synonym 

repositories. These methods improve representation accuracy but often face 
issues of scalability, generalizability, or language dependence. Other contribu-
tions include Bacciu et al. 13 on graph representation learning, and Xiao et al. 14 

on semantic component group.
Research on dynamic knowledge analysis has primarily relied on citation-

based and keyword-based approaches. Ye et al. 15 and Zou et al. 16 tracked 
developments in inventory management and business intelligence through bib-
liometric indicators, while Li et al. 17 conducted a comprehensive bibliometric 
and visual analysis of 3,986 green-roof articles to map the field’s knowledge 
structure and identify future research directions. Keyword clustering has been 
used to reveal research trends, such as in supply chain risk, 18 digital transforma-
tion, 19 and concentrating solar power. 20 These approaches can highlight the-
matic clusters and emerging topics, although their effectiveness is constrained 
by citation bias or keyword consistency.
Visual analytics 21 has further enriched knowledge exploration by 

transforming abstract data into interpretable visual forms. 22 Time series 
visualizations 23 enable chronological mapping of research progress, 24 

and digital tools such as ResearchRabbit 25 support interactive explora-
tion, as shown in Figure 1B. Spatial visualizations 26 highlight regional 
patterns and collaborations, 27 while citation network visualizations 28 

remain central in many domains, 29 as illustrated in Figure 1C. These ap-
proaches uncover structural and temporal patterns 30 but can be 
restricted by the scope and quality of available data. 31 Wu et al. 32 used 
network visualization to analyze research frontiers in AI. Additionally, 
these methods are effective in providing a macro view of research devel-
opments 33 and identifying key research clusters, 34 but they may not al-
ways capture the nuanced progressions within smaller fields. 35 The main-
stream schemes for knowledge visualization are summarized in 
Figure 1D.
In summary, current knowledge modeling methods can exhibit significant 

gaps where pertinent connections are missing, leading to an incomplete knowl-
edge representation of the field, thereby obscuring potential intellectual linkages 
and advancements. This article aims to bridge the above gap by validating a 
central hypothesis in knowledge science.
Overall hypothesis: although emerging knowledge appears irregular and 

diverse, its evolution is not entirely random. The emergence of new ideas and 
the migration of research hotspots follow discernible patterns that can be iden-
tified and modeled.
Specifically, the fundamental premise of our work lies in the recognition that 

knowledge is inherently structured, with concepts, theories, and methodolo-
gies interlinked in complex networks. By constructing the underlying structure 
of knowledge, we cannot only reveal the intricate patterns of knowledge 
formation but also trace its migration over time, offering insights into the 
evolution of scholarly discourse and the emergence of new research frontiers. 
To achieve the above objectives, we propose three progressively in-depth 
sub-hypotheses.
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• Hypothesis 1: irregular and diverse knowledge can be structurally 
represented. We introduce a semantic-based representation that re-
veals intrinsic structures beyond citation information.

• Hypothesis 2: the migration of knowledge follows specific patterns. 
We propose the concept of “knowledge transfer flow” to capture the 
movement of research hotspots across timescales.

• Hypothesis 3: emerging patterns in knowledge networks are predict-
able. We conduct empirical studies to examine the mechanisms that 
govern the integration and growth of new knowledge entities.

MATERIALS AND METHODS 
Overall methodology
This study aims to advance our understanding of knowledge dynamics by addressing 

the structural, temporal, and evaluative dimensions of academic discourse. The research 
object of this study comprises a diverse range of academic publications, including journal 
articles, monographs, and other scholarly outputs. The proposed methodology unfolds in 
three interrelated phases, as illustrated in Figure 2. Leveraging large language models, 
we begin by extracting two core types of information from the textual content: semantic 
information, which encompasses key elements such as research subjects, methodologies,

Figure 1. The current visualization method of scientific knowledge networks (A) A typical citation network showing two related publications (2020–2021) that share method-
ological and topical similarities but lack mutual citations, leading to an incomplete knowledge graph. (B) Time series visualization illustrating the annual publication trends of 
relevant literature over time. (C) Spatial distribution map highlighting the geographical origins of research outputs. (D) Citation network visualization depicting the interconnections 
among scientific works based on citation relationships. 6,7
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and intended audiences; and citation information, including both the frequency and contex-
tual usage of citations across temporal scales.
Next, we introduce a hierarchical semantic embedding method to construct the latent 

structure of knowledge within the corpus. This embedding leverages the previously ex-
tracted semantic features to map publications into a structured space that captures deeper 
conceptual relationships. Simultaneously, we apply a sentiment analysis framework to 
evaluate the rhetorical stance of citation contexts. This allows us to assess how cited 
works are received, whether affirmatively, neutrally, or critically, thus complementing cita-
tion frequency with qualitative sentiment dynamics. The temporal aggregation of senti-
ment provides additional insight into how scholarly attitudes toward specific topics evolve 
over time.
Finally, we design an interactive visualization system “KnowFlowViz” (knowledge 

flow visualization) to integrate and display the results from the preceding steps. 
Centered around the concept of “knowledge transfer flow” introduced in hypothesis 
2, this interface enables users to explore how research topics migrate, cluster, or 
dissipate across time. By supporting multi-scale interaction, the system facilitates 
in-depth exploration of specific knowledge domains, cross-disciplinary comparisons, 
and the identification of emerging research trends. This visual framework enhances 
interpretability and offers researchers a dynamic tool for examining the evolution of 
academic discourse.

Structured representation of knowledge
We collaborated with a major Chinese academic publisher to obtain a dataset of over 

40,000 scholarly publications (1982–2024), including monographs, edited volumes, and 
journal articles.
From each publication, we extracted four semantic features: title, research objective, 

research method, and target audience (references to supplemental information). Titles cap-
ture topical surface information, objectives highlight central problems, methods describe 
analytical strategies, and audience metadata indicate disciplinary alignment and social 
reach. Audience classification required a hybrid pipeline combining rule-based heuristics 
and supervised modeling, assigning publications to researchers, practitioners, or general 
readers.
Based on Wang et al.’s research, 36 we perform semantic embedding, mapping the four 

extracted features into distinct low-dimensional spaces where proximity reflects semantic 
similarity. Each feature type is independently encoded to preserve its semantic nuance, and 
together they form four complementary semantic landscapes.
Let X = {x 1 , x 2 , …, x N } be the set of high-dimensional vectors representing the semantic 

information of the publications. We project these vectors into a 2D space:

Y = f UMAP (X) = {y 1 ; y 2 ; …; y N } (Equation 1)

where f UMAP is the UMAP function mapping high-dimensional vectors to 2D points. This 
step reduces the complexity of the data while preserving the global structure, enabling 
more intuitive visualization and analysis.
Next, we construct a quadtree Q from these 2D points. A quadtree is a tree data structure 

that recursively partitions a 2D space into four equally sized squares, each represented as a 
node. Each data point y i exists in a unique leaf node of the quadtree.

Q = quadtree(Y): (Equation 2)

The quadtree structure allows efficient hierarchical partitioning of the data, enabling 
multi-resolution analysis. To summarize embeddings at different levels of granularity, 
we traverse the quadtree from the bottom up. In each iteration, we extract summaries of 
embeddings in each leaf node and merge these leaf nodes with their parent nodes, 
continuing this process recursively.
Let L i denote the set of leaf nodes at level i. We define the embedding summary S(L i ) as:

S(L i ) = 
∑ 

j ∈ L i

y j (Equation 3)

where S(L i ) represents the aggregated semantic information at level i. This aggregation 
step ensures that the semantic relationships are preserved and summarized effectively 
at various levels of granularity. At each level, we update the summary by aggregating the 
embeddings from the leaf nodes to their parent nodes:

S(L i+1 ) = 
∑

k ∈ parent(L i )

S(L i ) = 
∑

k ∈ parent(Li ) 

∑ 

j ∈ L i

y j : (Equation 4)

This process continues until the entire tree is merged into a single node at the root. This 
hierarchical aggregation captures the semantic structure of the dataset at multiple levels, 
providing a comprehensive overview of the knowledge landscape.
For the leaf-level summarization, we adapt the TF-IDF method to a tile-based TF-

IDF(t-TF-IDF) approach. For each leaf node, we merge all documents into a meta-document 
and compute the TF-IDF scores.
Let D t be the set of documents in a tile t. The t-TF-IDF score for a term w in tile t is 

given by:

t − TF − IDF(w; t) = tf(w; D t ) × log 
N

df(w) 
(Equation 5)

where tf(w, D t ) is the term frequency of w in D t , N is the total number of documents, 
and df(w) is the document frequency of w across all documents. This hierarchical 
document merging approach ensures scalability, as the n-gram count matrix is 
constructed once and updated in each aggregation iteration with a single matrix 
multiplication.
Finally, we extract keywords with the highest t-TF-IDF scores to summarize 

the embeddings in each leaf node. This process effectively identifies the most repre-
sentative terms in each semantic region, enhancing the interpretability of the knowl-
edge structure.

Tendency analysis of citations
This section outlines our methodology for analyzing the sentiment of citations 37 to 

measure the temporal sentiment trajectory of each publication. Our approach involves 
identifying all the contexts in which a given publication is cited from its year of publication 
onwards, performing sentiment analysis on these contexts, and calculating the average 
sentiment per year. By arranging these yearly averages chronologically, we construct 
a time series representing the sentiment trend for the publication (references to 
supplemental information).
To perform this sentiment analysis, we utilize the DistilBERT-base-uncased method, 

which leverages the DistilBERT model. DistilBERT is designed to be more efficient while 
maintaining comparable performance.

Data preprocessing Sentiment analysis of citations 

Structured representation of knowledge

Dynamic analysis of knowledge transfer

Semantic Information Semantic embedding Structured knowledge

Semantic
structure

Positive

Publication data

Large language model CitationInformation Sentiment evaluation Sentiment Index Knowledge transfer � ow

Figure 2. The overall structure of this paper
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First, let C = {c 1 ; c 2 ; …; c M } represent the set of citation contexts for a publication, 
where each c i is a text snippet that cites the publication. For each context c i , we apply 
the following steps:

DistilBERT is a smaller, faster, and lighter version of BERT, achieved through knowledge 
distillation. The process involves training a student model f DistilBERT to mimic the behavior of 
a larger teacher model f BERT by minimizing their prediction differences. 38 The knowledge 
distillation loss can be expressed as:

L distill = 
∑ M 

i = 1

KL(σ(f BERT (c i ) =T) ‖ σ(f DistilBERT (c i ) = T)) (Equation 6)

where KL denotes the Kullback-Leibler divergence, σ represents the softmax function, 
and T is the temperature parameter used to soften the probabilities, which ensures 
that the distilled model retains the knowledge of the teacher model while being 
more efficient.
Each citation context c i undergoes tokenization using the tokenizer from DistilBERT-

base-uncased, converting the text into tokens t = {t 1 ,t 2 , …,t n } and adding special tokens 
[CLS] and [SEP]:

t = tokenizer(c i ): (Equation 7)

Since it is an uncased model, all tokens are converted to lowercase to ensure uniformity 
in the text data, facilitating consistent processing.
Each token t j is then mapped to a dense vector through the embedding layer E:

e j = E 
( 

t j 
) 
: (Equation 8)

Positional embeddings p j are added to the token embeddings to include positional 
information:

h0j = e j + p j : (Equation 9)

This encoding process allows the model to capture both the semantic meaning and 
the position of each token in the context. The token embeddings are passed through
multiple transformer layers. For layer l, the output hl

j is:

hl
j = LayerNorm 

( 
hl − 1 

j + FFN 
( 

MultiHeadAtt 
( 

hl − 1 
j

))) 
(Equation 10)

where MultiHeadAttn computes the self-attention scores, FFN is a feedforward network, 
and LayerNorm is layer normalization. This hierarchical processing captures complex 
interactions between tokens.
We use the final hidden state of the [CLS] token h [CLS] as the representation of the entire 

sequence:

h [CLS] = hL
[CLS] : (Equation 11)

A classification layer is added, producing sentiment scores:

y sent = softmax(Wh [CLS] + b): (Equation 12)

The model is fine-tuned on a sentiment analysis dataset to minimize the cross-entropy 
loss:

L sent = − 
∑N

i = 1

y i log 
( 

y sent;i 
) 
: (Equation 13)

This fine-tuning adapts Saha et al., 39 the pre-trained model to the specific task of senti-
ment analysis, ensuring accurate sentiment predictions.
The sentiment score for each context c i , denoted s i , is extracted, where s i ∈[-1,1]. We then 

compute the average sentiment for each year y:

s y = 

∑ 
c i ∈ C y s i⃒ 
⃒ C y

⃒
⃒

(Equation 14)

where C y is the set of citation contexts in year y. This averaging process aggregates the 
sentiment scores, providing a yearly sentiment measure.
The resulting time series 

{ 
s y 
} 
represents the sentiment trajectory of the publica-

tion over time, providing insights into its evolving perception within the academic 
community. By leveraging the DistilBERT-base-uncased method, we achieve an effi-
cient yet powerful sentiment analysis framework that captures nuanced changes in 
scholarly sentiment.

Dynamic analysis of knowledge transfer
In the above section, we constructed a semantic structural system 40 of knowledge, i.e., 

mapping publications into a normalized semantic space. In this section, we quantify the 
evolution of the knowledge system over time.
When we regard the intensity of the knowledge as the spatial density, the density 

map can be used to visualize the spatial distribution of publications. In this paper, 
the density map is obtained by using a kernel density estimation (KDE) method, 
so that the discrete knowledge can be transformed into a continuous function for 
further analysis. The method is formalized in the following.
Let x 1 , x 2 , …, x n be the discrete geographical locations of publications in semantic space, 

x i denoted as a vector (lon i ; lat i ) τ of longitude and latitude. For time t, the density of a po-
sition of x in a density map is defined as follows:

̂ f t (x)| t =
1
n
∑ n 

i = 1

K h (x − x i ) =
1

nh
∑ n

i = 1

K 
x − x i

h
(Equation 15)

where n is the sample size, h is the bandwidth of the kernel K h , which is sym-
metrical and positive definite. Since the Gaussian kernel can capture data 
sensitivity of a large spatial area, and it has a lower computation complexity 
compared with other kernels with exponential functions, it is here used for the im-
plementation. An example of a KDE-based knowledge representation is shown 
in Figure 3A.
With this method, we can model the distribution of knowledge at different 

time periods. We observed, that the geospatial knowledge in semantic space fluc-
tuate continuously over time and, thus, the transfer of knowledge is a continuum 

occupying a simply connected region in the time dimension with an irrotational 
characteristic. Therefore, the potential flow method 41 can be used to visualize 
the spatial shift of knowledge flow, which implies the flow between spatially 
different areas.

Figure 3. Modeling knowledge dynamics: from semantic landscapes to transfer flows (A) An example of a KDE-based knowledge representation. The points in the figure represent 
publications. Publications with similar topics are also closer to the location in the semantic space. The contour plots are the results after KDE, and the darker areas represent 
research hotspots. (B) The principle of knowledge transfer flow: the difference between the potential fields at two specific time periods. (C) Knowledge transfer flow: the direction of 
the arrow represents the direction of knowledge transfer over time.
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Formally, the spatiotemporal knowledge-shift is defined as ∇shift(x)| t 1 ;t 2 , which is the 
gradient of the velocity potential shift(x) that refers to the spatial knowledge fluctuation 
at the selected moments or periods.

shift(x)| t 1 ;t 2 = ̂ f t (x)| t 2 − 
̂ f t (x)| t 1 (Equation 16)

where ̂  f t (x) is the result of KDE in Equation 15, namely the knowledge distribution. x de-
noted as a vector (lon, lat) τ of longitude and latitude. t1 and t2 represent two different 
time periods, respectively. The visual representation of Equation 16 is shown in Figure 3B. 
The vector field map in Figure 3C represents the spatiotemporal knowledge-shift model 

between two specific time periods. The vectors in the vector field map point to the direction 
of the shift of knowledge, and the magnitude of a vector represents the intensity of the shift. 
Therefore, this potential flow field can be defined as knowledge transfer flow from the 
perspective of dynamic knowledge. The significance of the energy demand flow lies in 
the spatial and temporal distribution of knowledge fluctuations (note: not the distribution 
of knowledge).

Visual encoding for the KnowFlowViz system
Beyond quantitative indicators such as annual publication volume, cost, and distribution 

across publishers, 42 it is equally important to reveal the qualitative and semantic connec-
tions that shape the evolution of knowledge. In this section, we develop KnowFlowViz with 
reference to the visualization tool developed by Wang et al., 36 a visualization system that 
integrates four interlinked interfaces—statistical analysis, static analysis, dynamic analysis, 
and sentiment analysis. The main interface of the developed KnowFlowViz system is 
shown in Figure 4.

Statistical and sentiment analysis. In the statistical analysis interface of 
KnowFlowViz, we utilize three bar charts to display the annual publication counts, average 
word counts, and average prices of books published by our collaborating publishers. These 
bar charts are designed to be interactive, allowing users to control the x axis scale with the 
mouse wheel and to drag the axis left or right. This design enables users to zoom in on spe-
cific years of interest, making it easier to analyze trends and identify significant changes 
over time.

In the sentiment analysis interface, we use line charts to depict the temporal 
changes in the sentiment associated with each publication. The sentiment data are 
derived from comments citing the publication and quantified using the tendency anal-
ysis algorithm described in Section “tendency analysis of citations”. Each publication 
is represented by a line, with the x axis showing the time series and the sentiment in-
dex ranging from − 1 to 1, where 1 indicates a positive sentiment and − 1 indicates a 
negative sentiment. In our sentiment framework, a negative sentiment score—closer 
to − 1 typically reflects language associated with critical remarks. This may include 
explicit disagreement with findings, concerns about methodological limitations, or 
broader critiques of the work’s assumptions or conclusions. Conversely, scores 
approaching +1 indicate favorable references, such as support, endorsement, or pos-
itive recognition of a publication’s contribution.
This visual representation helps users track the reception of publications over time, 

providing insights into how the perception of specific works evolves. Notably, the sentiment 
analysis interface is linked with the static analysis interface; when a point is selected in the 
static analysis view, the corresponding sentiment curve is highlighted in the aentiment 
analysis view. The integration of these interfaces facilitates a comprehensive analysis, 
enabling users to correlate semantic proximity with sentiment trends, thereby offering a 
deeper understanding of the impact and reception of academic works.

Static analysis. The static analysis section of our platform showcases a dual-pane 
interface, elegantly divided into a search bar panel on the left and a semantic space panel 
on the right, as depicted in Figures 5A and 5B.
The static analysis interface integrates textual search with visual exploration. In 

Figure 5A, a search bar allows users to input keywords, instantly retrieving relevant 
document titles. These documents are simultaneously highlighted in the semantic space 
on the right, linking queries with their spatial representation. This seamless transition 
enables users to quickly locate and assess the contextual relevance of results.
The semantic space provides a visual canvas to examine relationships between docu-

ments, as presented in Figure 5B. A toolbar in the upper-left corner offers options such 
as heatmaps, scatterplots, and thematic vocabularies, allowing users to tailor the visualiza-
tion and uncover clustering, distribution, and thematic trends. An icon in the lower-right 
corner gives access to semantic dimensions such as document titles, research objects,

Figure 4. Main interface of the KnowFlowViz system The interface is mainly divided into four modules: (A1) statistical analysis, (A2) sentiment analysis, (B) static analysis, 36 and 
(C) dynamic analysis.
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methodologies, and target audiences, enabling flexible shifts in analytical perspective. 
When a different semantic dimension is selected from the corpus of word embeddings, 
the visualization in Figure 5B dynamically updates to present the corresponding results, 
as illustrated in Figures 5C–5F.

Dynamic analysis. The dynamic analysis interface visualizes the evolution and migra-
tion of knowledge across four 2-year periods from 2020 to 2024. Users can interactively 
pan and zoom to control detail, while the interface remains linked to static analysis: selec-
tions in the semantic space automatically update the migration flows shown here, ensuring 
a coherent analytical perspective. The flow field presented in this interface is a direct 
visualization of the knowledge transfer flow defined in Section “dynamic analysis of 
knowledge transfer”, where the flow direction indicates the movement of knowledge within 
the semantic space, and the flow intensity represents the strength of this migration.
By presenting knowledge flows dynamically, the system reveals patterns, trends, and 

potential future directions, helping researchers anticipate emerging topics and methodolo-
gies. Its interactive design encourages exploration of different scenarios and hypotheses, 
fostering engagement and deeper understanding of the mechanisms driving knowledge 
evolution.

RESULTS
Statistical analysis of macro publication data
This section focuses on the publishing landscape of a prominent publisher 

spanning two and a half decades, from 2000 to 2024. The data comprises three 
key indicators: the annual number of books published, the average price per 
book, and the average word count per publication, as shown in Table 1 and 
Figure 4A.
Firstly, the early years exhibited a gradual increase in the number of 

books published, reflecting the publisher’s growing commitment to expanding 
its catalog. However, this growth was not linear and showed marked fluctua-
tions. The most dramatic surge occurred between 2013 and 2014, with the 
annual output rising sharply from 36 to 1,272 titles. This expansion coincided 
with the intensification of global academic competition for funding, grants, 
and academic appointments. From the early 2010s onward, scholarly output, 
especially in peer-reviewed journals and academic monographs, became a 
primary metric for evaluating researchers and institutions. In response, univer-
sities and research bodies began to actively encourage publication, leading to 
a rapid increase in research outputs. This pressure extended to book publishing, 
especially in fields such as science, technology, engineering, mathematics, and 
the social sciences.

Following this period, output declined but surged again during 2022–2023, 
indicating a cyclical pattern shaped by a range of institutional and societal 
factors. The recent increase can, in part, be attributed to the effects of the 
COVID-19 pandemic, which transformed research workflows. The shift to 
remote work and digital collaboration tools enabled researchers to maintain 
or even accelerate their output. Simultaneously, publishers adopted more flex-
ible digital production models, further contributing to the observed fluctuations. 
In parallel with output trends, the average price per book has shown a 

steady upward trajectory. This reflects rising production costs as well as 
the increasing prevalence of specialized academic works, which typically 
command higher prices due to their focused content and niche reader-
ship. The most pronounced price increases have occurred since 2020, 
likely driven by the broader economic impacts of the pandemic. Inflation, 
combined with growing expectations for digital formats and enriched con-
tent, has contributed to this upward trend.
Interestingly, the average word count per book has remained relatively stable 

across the observation period, suggesting a consistent editorial approach 
to content length. It may indicate a balancing act between content depth and 
production efficiency, ensuring that books remain comprehensive yet manage-
able in scope.

Revealing patterns between research areas and target audiences
This section explores associations within the research corpus through 

semantic embedding of scientific literature. The structured knowledge derived 
from embeddings based on research fields and target audiences is illustrated in 
Figures 5C and 5F.
As shown in Figures 5C and 5D, research topics are distributed in distinct 

clusters. Medical and nursing domains, including disease diagnosis, clinical 
treatment, surgical techniques, and traditional Chinese medicine, are concen-
trated in the upper right. Educational publications, such as new physics, chem-
istry, and vocational training, occupy the upper and central areas. Engineering 
and technology, including electromagnetic studies, aviation materials, and 
turbine design, dominate the central-left region. Environmental and earth sci-
ences, including water management and geological research, appear on the 
middle-right, while clusters of social sciences and humanities, such as psychol-
ogy, economics, history, and cultural studies, emerge at the bottom.
The visualization highlights major hotspots, such as medical and healthcare 

(deep blue clusters in the upper right) and engineering and technology (central

Figure 5. Interactive semantic exploration of literature through multidimensional embeddings (A) Search interface and semantic linking: the left panel features a search bar for 
keyword-based queries, with results displayed below and simultaneously highlighted in the semantic space (right), bridging textual search and visual exploration. (B) Customizable 
semantic space: the right-side visualization offers interactive tools to switch between heatmaps, scatterplots, and thematic vocabularies. A dimension selector (bottom right) allows 
users to explore documents by title, research object, methodology, or audience. (C) Embedding by book name: semantic clustering based on book titles reveals topical groupings 
and naming conventions across the corpus. (D) Embedding by book subject: documents are grouped by subject matter, highlighting disciplinary clusters and thematic overlaps. 
(E) Embedding by book outline: structural similarities in content organization drive the spatial layout. (F) Embedding by book reader: user engagement patterns shape the 
embedding.
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deep blue regions). It also reveals connections across domains: electromag-
netic engineering, turbine design, and water studies overlap, suggesting tech-
nological-environmental linkages, while social sciences and humanities cluster 
closely, reflecting methodological convergence. Network security, data pro-
cessing, and computer science form coherent clusters, underscoring shared 
challenges.
The right panel of Figures 5E and 5F links research outputs to audi-

ences. For example, the upper-left quadrant contains petroleum engineer-
ing and aerospace publications for students and professionals, while the 
center emphasizes education-focused materials for mathematics and 
teaching audiences. Dense clusters of medical students and clinical 
trainees highlight the scale of health science education. Marine engineer-
ing and water management readers appear in the upper right, while 
ecological management and agricultural students cluster together in the 
upper middle. Humanities audiences, such as history and archaeology, 
form overlapping groups in the lower right.
Based on the structured knowledge obtained from semantic embedding, the 

following conclusions can be drawn.

• Alignment between research themes and target audiences: seman-
tic embedding reveals a strong correspondence between research 
content and its intended readers. This alignment enhances the 
practical relevance of academic publications and educational mate-
rials by ensuring that they are developed in accordance with audi-
ence needs.

• Identification of emerging interdisciplinary fields: the visualizations 
indicate the growing presence of interdisciplinary research areas, 
such as environmental studies and computer science. These fields 
attract a wide range of readers, suggesting increasing integration 
across traditional academic boundaries.

• Emergence of data-centric research: the concentration of topics 
including network security, data processing, and computational 
methods highlights the expanding role of data-driven approaches in 
scientific research. This shift reflects a broader transition toward quan-
titative analysis and algorithmic modeling in addressing complex 
research challenges.

Revealing potential patterns of knowledge evolution
This section analyzes the knowledge transfer flow over time to identify evolu-

tionary patterns. Figures 6A and 6B displays eight flow maps across four 
consecutive biennial periods (2020–2024), with the top and bottom rows repre-
senting flows based on research content and target audience embeddings, 
respectively.
An analysis of knowledge transfer between 2020 and 2021 reveals several 

distinct local features, as shown in Figures 6A and 6B. One of the most notable 
developments is the rise of urban studies in 2021, reflecting heightened global 
concern with sustainable urbanization and its associated challenges. Another 
emerging focus is optical fiber research, driven by advances in optical commu-
nication technologies and the growing demand for high-bandwidth data 
transmission. The expansion of this field illustrates the broader technological 
trajectory and the importance of fiber optics in modern communication infra-
structure. Clinical research remains highly active but has shifted its focus to-

ward specialized topics such as drug-disease interactions and blood-related 
disorders, signaling a refinement of priorities and a stronger emphasis on 
targeted medical challenges.
Beyond the sciences, Figure 6C shows the migration of knowledge in the 

humanities, particularly in archaeology and cultural heritage. Between 2021 
and 2022, this area received strong academic attention, partly stimulated by na-
tional policies such as China’s “Cultural Heritage Protection Project.” From 2022 
to 2023, research in this domain continued to expand but at a slower pace, as 
academic resources were increasingly redirected to fields prioritized in the “14th 
Five-Year Plan,” including technological innovation and public health.
From a broader perspective, the heatmap and streamline visualizations span-

ning 2020 to 2024 reveal consistent patterns of knowledge migration across 
domains and audiences. In the period 2020 to 2021, traditional disciplines 
such as mathematics, physics, and computer science acted as central hubs, 
with knowledge increasingly flowing into artificial intelligence and machine 
learning. By 2021 to 2022, bioinformatics and healthcare gained prominence, 
reflecting stronger integration of computational methods with biological and 
medical research. The trend extended into 2022 to 2023, when sustainability 
and climate-related research became central, indicating a growing role of 
science in addressing environmental and societal challenges. In 2023 to 
2024, sustainability and climate science maintained their influence, while edu-
cation and the social sciences attracted greater attention, demonstrating a shift 
toward more comprehensive responses to multifaceted societal problems. 
Parallel to these disciplinary shifts, the target audiences of academic 

research also evolved. In 2020 to 2021, scholarly communication was 
directed primarily toward researchers and academics, consistent with 
traditional incentive structures centered on citations and journal metrics. 
By 2021 to 2022, publications increasingly addressed professionals 
outside academia, illustrating a growing interest in translational research 
and practical applications. The years 2022–2023 witnessed further expan-
sion of audiences to include the general public and media, marking a 
greater emphasis on science communication and public engagement. By 
2023 to 2024, students and educators had also become important recipi-
ents of knowledge transfer, reflecting the rising importance of education 
and the dissemination of research to younger generations.
Building on the above empirical findings, we distilled several underlying prin-

ciples that characterize the mechanisms driving knowledge evolution. These 
principles emerge directly from the observed dynamics in publication patterns, 
network structures, and diffusion pathways.

• Cumulative advantage effect: this principle extends the concept of the 
Matthew effect to the context of knowledge evolution. It suggests that 
research domains or topics with an early advantage in resources or 
attention are more likely to attract continued interest and investment. 
Such areas benefit from existing infrastructure, institutional support, 
and greater visibility, which reinforce their leading position. This self-
reinforcing dynamic contributes to the uneven growth of research 
domains and the persistence of structural inequalities within the aca-
demic landscape.

• Preferential connectivity principle: originating from network theory, 
this principle explains the tendency of new research topics or commu-
nities to establish connections with already prominent domains. In 
knowledge networks, emerging disciplines often seek associations

Table 1. Book publishing data from 2000 to March 2024

Year 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

No. of books 3 9 12 16 20 26 36 47 53 91 152 129 179

Average price 65 69 71 100 89 62 71 67 72 83 75 80 81

Average word count 419,667 473,111 450,417 440,438 515,750 390,342 457,222 431,609 446,547 461,915 416,303 414,287 423,866

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 (by March)

No. of books 192 193 239 311 335 274 233 1272 2976 2975 2676 262

Average price 85 71 72 78 83 92 112 150 147 148 156 133

Average word count 461,556 383,311 401,101 413,811 419,998 441,737 403,324 413,518 407,262 401,006 417,146 393,615
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with well-established fields in order to gain credibility and accelerate 
recognition. This behavior results in a network structure where highly 
connected nodes become increasingly central, reinforcing existing 
hierarchies and influencing the trajectory of knowledge diffusion. 

• Knowledge diffusion principle: the spread of knowledge across domains 
is governed by a range of factors, including communication channels, 
institutional structures, and the configuration of knowledge networks. 
Diffusion is rarely linear or uniform. Instead, it follows dynamic and 
context-specific patterns, shaped by both internal drivers—such as 
methodological innovations—and external pressures—such as policy 
shifts or societal demands. These complex dynamics are reflected in 
the observed migration flows across different fields and audiences 
over time.

DISCUSSION
The findings of this study reveal a close correspondence between research 

themes and their intended audiences. This observation suggests that knowl-

edge production is not only shaped by disciplinary interests but also by the 
expectations of specific readership groups. For example, in medicine and en-
gineering, the alignment between scholarly outputs and practitioners’ needs 
enhances the translational value of research. This demonstrates that publish-
ing patterns can be understood as adaptive responses to user demands, 
which in turn affect the direction of future research. For policy makers, this 
implies that introducing audience-oriented metadata in publishing workflows 
could provide a systematic basis for such recognition, while research 
agencies might incorporate indicators of audience translation into funding 
assessments.
Building on this, the rise of interdisciplinary domains such as environmental 

science, data science, and sustainability illustrates the permeability of disci-
plinary boundaries. The convergence of these fields responds directly to 
global challenges such as climate change and digital transformation. Their 
growth highlights how pressing societal issues function as external drivers 
that restructure knowledge networks and attract diverse audiences. This pro-
cess underscores the role of interdisciplinarity as a mechanism for bridging 
knowledge systems and enabling innovation. For research governance, this

Figure 6. Empirical visualization of knowledge transfer flows (A) Evolution of research content over time, highlighting thematic shifts and emerging topics. (B) Evolution of target 
readership over time, illustrating how audience focus has changed across periods. (C) Knowledge flow trends in the humanities field from 2021 to 2024, showing the direction and 
intensity of idea diffusion.
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underlines the importance of targeted support for early-stage interdisciplinary 
collaborations. Seed funding schemes and flexible peer review procedures 
can help to reduce entry barriers for emerging domains, thereby enabling 
them to establish credibility and accelerate their integration into the broader 
academic system.
The diversification of audiences over time further confirms that scholarly 

communication has moved from a narrow academic model toward a broader 
ecosystem that includes policymakers, professionals, students, and the public. 
This shift reflects an increasing recognition of the societal role of science. 
It also reveals how institutional incentives, such as funding programs requiring 
societal impact, create feedback loops that encourage researchers to target 
wider audiences. Such transformations highlight the importance of science 
communication policies that promote accessibility and inclusiveness. At the 
same time, balanced funding strategies are needed to ensure that emphasis 
on short-term societal impact does not crowd out long-term investments in 
fundamental research.
The temporal dynamics also point to the influence of global and na-

tional agendas in directing scholarly attention. For instance, sustainability 
and climate research gained prominence in parallel with policy initiatives 
such as the Paris Agreement and national carbon neutrality plans, while 
cultural heritage research experienced fluctuations in alignment with 
state-led projects. These patterns demonstrate that policy frameworks 
and funding schemes exert strong structuring effects on the academic 
landscape. Consequently, policymakers play a decisive role in either rein-
forcing existing centers of knowledge or fostering new areas of growth 
through deliberate interventions.
Finally, the distilled principles of cumulative advantage, preferential 

connectivity, and knowledge diffusion provide a theoretical framework 
for understanding the empirical patterns observed. Cumulative advantage 
explains the persistence of early leaders who consolidate their positions 
through accumulated resources and visibility, while preferential connec-
tivity accounts for the tendency of new topics to associate with estab-
lished hubs in order to gain credibility. Knowledge diffusion, in turn, high-
lights the uneven and context-specific spread of ideas, shaped by both 
internal methodological innovations and external policy shifts. Together, 
these mechanisms suggest that knowledge evolution is not random but 
path dependent, with systemic inequalities that may perpetuate existing 
hierarchies. Recognizing these dynamics carries direct implications for 
policy and evaluation: field-normalized metrics, equitable funding strate-
gies, and support for underrepresented domains are crucial for maintain-
ing a balanced and inclusive research ecosystem. By integrating such 
measures into science governance, policymakers can mitigate structural 
imbalances and promote knowledge development that is both academi-
cally robust and societally responsive.

CONCLUSION
This study proposes a semantic-based framework for analyzing the 

formation and migration of knowledge. By moving beyond citation-based ap-
proaches, we demonstrate that semantic embeddings capture the structural 
organization of heterogeneous knowledge. The concept of knowledge transfer 
flow further enables us to trace the evolution of research hotspots, while the 
integration of sentiment analysis reveals how perception and interpretation 
shape the reception of ideas.
The empirical validation through the KnowFlowViz system illustrates the 

applicability of this framework. The system supports interactive explora-
tion of static knowledge structures as well as dynamic migration flows, of-
fering a tool for trend forecasting, research evaluation, and knowledge 
governance.
Future work will refine the semantic representation model by incorporating 

more diverse data sources and advanced natural language processing. We 
will also extend the concept of knowledge transfer flow to include interdisci-
plinary collaborations and the influence of technological drivers. Furthermore, 
improvements in sentiment analysis will allow for the detection of more 
nuanced expressions of evaluation in scientific discourse. Finally, the develop-
ment of a time slider for KnowFlowViz will enable continuous exploration of 
knowledge shifts across the full temporal range, overcoming the limitations 
of snapshot-based visualization.
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