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Abstract
[Purpose/Significance] Identifying domain development paths is of great sig-
nificance to technological innovation. However, existing methods such as ex-
pert interviews and citation analysis cannot adapt to the current situation of
explosive growth in literature. To address this problem, this paper proposes
a domain development path identification method based on topic evolution.
[Method/Process] The method can automatically obtain data from the Aminer
platform, construct a keyword-scholar matrix, and comprehensively employ
KMeans++ and spectral clustering algorithms to identify research topics and
related scholars. It establishes associations between different topics through sim-
ilarity calculation, ultimately obtaining and visualizing the development path
of the research domain. [Results/Conclusion] Through empirical analysis of the
artificial intelligence domain, the results demonstrate that the proposed method
can effectively reflect the evolution of domain research topics, help researchers
quickly locate research hotspots and priorities in the domain, and enrich research
methods related to domain development paths.
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Abstract
[Purpose/Significance] Identifying domain development trajectories is cru-
cial for scientific and technological innovation. However, existing methods such
as expert interviews and citation analysis cannot cope with the current ex-
plosion of literature. To address this problem, this paper proposes a novel
method for identifying domain development trajectories based on topic evolu-
tion. [Method/Process] This method automatically retrieves data from the
AMiner platform, identifies research topics and related scholars by construct-
ing a keyword-scholar matrix using K-Means++ and spectral clustering algo-
rithms, establishes associations between different topics through similarity cal-
culation, and finally obtains and visualizes the domain development trajectory.
[Result/Conclusion] Through empirical analysis of the artificial intelligence
domain, the results demonstrate that this method can effectively reflect the
evolution of research topics, help researchers quickly locate hotspots and key fo-
cuses in the field, and enrich research methods related to domain development
trajectories.

Keywords: domain development trajectory; topic evolution; K-Means++;
spectral clustering; artificial intelligence

2 Related Research
2.1 Topic Evolution

Topic evolution, also known as topic transition, typically employs data mining
techniques to explore changes in topic content and intensity over time, as well
as interactions between different topics. With the explosive growth of literature,
topic evolution analysis faces challenges of large data volume and complex data
types. How to quickly and accurately extract domain development 脉络 from
massive amounts of data is a common concern for researchers and information
professionals. Scholars have proposed numerous models to address this issue,
with methods relevant to this paper falling into two main categories: clustering
analysis-based approaches and probabilistic topic model-based approaches.

Clustering analysis-based methods for topic evolution are primarily applied in
Topic Detection and Tracking (TDT) and bibliometrics. TDT defines topics as
events occurring at specific times and places, focusing on topic evolution in news
text streams, including both content and intensity evolution. Bibliometric meth-
ods include citation analysis and co-word analysis. Cui Lei et al. used citation
co-citation clustering to study domain development history and summarized re-
search topics through co-occurrence clustering of high-frequency words. Tang
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Guoyuan et al. reviewed domestic research on co-word analysis-based topic evo-
lution, dividing the analytical process into five steps: data source identification,
evolution stage division, analysis object determination, co-word matrix construc-
tion and normalization, and topic evolution analysis. Liu Zhihui et al. proposed
the Author Keyword Coupling Analysis (AKCA) model, which can discover im-
plicit relationships between authors and identify domain topic changes through
variations in keyword coupling strength as authors publish more papers. These
three methods are relatively simple and applicable to different domains, with
mature analysis tools available (such as CiteSpace and NEViewer). However,
citation analysis suffers from time lag issues and faces problems of massive link
counts and resource consumption; co-word analysis is highly sensitive to key-
word selection, potentially yielding significantly different results based on word
choice; and AKCA focuses on analyzing author collaboration relationships, in-
directly obtaining research topics through authors’ high-frequency keywords.

Probabilistic topic model-based methods for topic evolution have gained increas-
ing attention in recent years. Li Xiangdong et al. used the LDA model and JS
divergence to study changes in topic content and intensity over time. Ni Liping
et al. employed the LDA model to identify technical topics in different time
slices and formed domain development trajectories by clustering global topics
using the AP clustering algorithm. D.M. Blei et al. proposed the Dynamic
Topic Model (DTM), which assumes that topics continuously evolve over time,
dividing documents into time slices based on publication time, extracting topics
from each slice separately, and calculating similarity between topic distribu-
tions across time slices using KL divergence. Topic model-based methods can
solve inherent time lag issues in citation analysis and uncover deep semantic
information compared to co-word analysis. However, they only reveal statisti-
cal probability-level semantic relationships, require pre-specified topic numbers,
and cannot dynamically adjust them.

Most existing topic evolution methods analyze internal document features (i.e.,
document content itself). To incorporate external features of academic literature
(such as authors and journals) into topic analysis, scholars have proposed corre-
sponding algorithmic models for different features. A typical method is the AT
model (author-topic model) proposed by Rosen-Zvi, which adds author latent
variables to the LDA model to obtain author-topic distributions. However, this
model implicitly assumes each author has only one topic, which does not adapt
to the reality of diverse and continuously changing author research topics. D.M.
Blei et al. proposed the RTM model (Relational Topic Model), which achieves
better word prediction and link prediction by jointly modeling document con-
tent and links between documents. However, RTM is somewhat complex when
link prediction is not required. The above two topic models can better identify
topics in different time slices, and topic associations can be achieved by calcu-
lating similarity between topics using KL distance or JS divergence, with final
topic evolution results obtained after association filtering.
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2.2 Path Visualization

To facilitate intuitive understanding of domain development trajectories, topic
evolution requires visualization. Topic evolution and visualization are insepa-
rable. Existing path visualization methods are numerous, among which Chen
Chaomei developed CiteSpace based on Java, featuring citation analysis and
temporal network visualization. S. Havre et al. introduced the ThemeRiver
model, which reflects changes in topic intensity over time through the “river”
width. Microsoft Research Asia proposed the TextFlow method, adding topic
merging and splitting information to text analysis. This paper employs weighted
Jaccard similarity for topic association and draws inspiration from the essence
of the TextFlow method to design a visualization approach compatible with our
path identification method.

In summary, domain research topic evolution involves multiple factors, such as
research content evolution and scholar transitions. Since experts and scholars
are the main body of scientific research, outstanding scholars often lead domain
development. By mining scientific literature published by outstanding scholars,
we can discover main research topics in scientific fields and connections between
topics. Keywords reflect scholars’ research content; when certain keywords are
mentioned by a scholar in published papers, it may indicate certain associations
between these keywords. If these keywords are mentioned by different authors,
it may suggest that different authors recognize associations between these key-
words. Compared with co-word analysis, constructing a keyword-author matrix
with authors as the co-occurrence unit yields keyword clusters with deeper-level
relationships. K-Means++ adapts to massive text clustering scenarios, and
combined with spectral clustering, it can dynamically adjust the number of
categories compared to topic models with fixed topic numbers, offering greater
flexibility. Using similarity threshold methods to associate topics within adja-
cent time periods and visualizing topic evolution results using D3.js can clearly
display domain development trajectories.

3 Methodology
Figure 1 [Figure 1: see original paper] shows the overall process of our method,
mainly comprising four steps: data source and preprocessing, topic identifica-
tion, topic association, and association network visualization.

3.1 Data Source and Preprocessing

The data source selected is the AMiner scientific database, which provides accu-
rate domain expert recommendations through data mining and social network
analysis methods. The platform is open-source, allowing convenient retrieval of
required expert and paper data via API. This paper proposes a general keyword-
expert-based method: AMiner is used to identify domain-related experts, and
APIs are used to retrieve all papers published by these experts. The data pre-
processing pipeline consists of three steps: keyword extraction, lemmatization,
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and stopword removal.

First, keyword extraction is performed. Due to language characteristics, English
literature does not require word segmentation. However, single words lack spe-
cific meaning; phrases are more meaningful semantic structures than individual
words. This paper uses the RAKE algorithm to extract phrases of two or three
words from titles and abstracts, with author-provided keywords directly added
to the keyword list. In English, keywords typically consist of multiple words
without punctuation and rarely contain function words such as “an,” “this,”
or “but.” The RAKE algorithm divides documents into several clauses based
on punctuation, then splits sentences into phrases using stopwords as poten-
tial keywords. Each phrase’s score is accumulated from its constituent words:
score(w) = wordDegree(w) / wordFrequency(w), where score represents word
w’s score, wordDegree represents the degree of word w (degree increases by 1
whenever it co-occurs with another word), and wordFrequency represents the
total occurrences of word w in the document.

Second, lemmatization is applied. Since English words have multiple forms,
keywords require lemmatization to merge words with the same meaning but
different forms. For lemmatization, this paper adopts the Stemming algorithm
in NLTK.

Third, stopwords are removed. After lemmatization, stopwords must be elim-
inated: removing overly broad keywords such as “artificial intellig” and “data
mine”; removing meaningless words such as “case studi” and “data sourc.” After
stopword removal, the final keyword list is obtained.

3.2 Topic Identification Based on Scholar Characteristics

To identify topics in different time periods, the time series must first be divided
into several time slices of length L, with literature assigned to corresponding
time slices based on publication time. Previous keyword clustering mostly used
co-word matrices. This paper attempts to use scholars as features: keywords as
row vectors and scholars as column vectors, using the K-Means++ algorithm to
cluster keywords within a single time slice. The resulting keyword clusters can be
considered research topics of that time slice. Keywords can be represented using
the Vector Space Model (VSM), where each scholar is a dimension, mapping each
keyword t to: v(tj) = (a1, tjfi; …; ai, tjfi; …; an, tjfn), where ai (i = 1, 2, …, n)
represents the i-th author, and tjfi represents the frequency of keyword tj in all
articles by author i.

The keyword-author association matrix is as follows: Matrix = [t1f1 … t1fi …
t1fn; tj f1 … tj fi … tj fn; tm f1 … tm fj … tm fn].

3.2.1 Topic Identification Using K-Means++ Algorithm K-Means++
is an improved algorithm based on traditional K-Means. K-Means uses distance
as the criterion for classification, producing clusters with high intra-class simi-
larity and low inter-class similarity. However, K-Means requires manual speci-

chinarxiv.org/items/chinaxiv-202308.00627 Machine Translation

https://chinarxiv.org/items/chinaxiv-202308.00627


fication of initial cluster centers before clustering. The K-Means++ algorithm
solves this drawback by selecting better cluster centers through maximizing dis-
tances between initial cluster centers (centroids). The K-Means++ algorithm
features fast computation, convenient parameter tuning, and easy result inter-
pretation, making it suitable for massive text clustering scenarios.

3.2.2 Spectral Clustering for Merging Adjacent Topics This paper
uses graph structure-based spectral clustering algorithm to merge similar nodes
within the same time slice, ultimately obtaining research topics of the domain
within time slices. Both K-Means and K-Means++ algorithms face the prob-
lem of requiring pre-specified cluster numbers. In reality, even experts often
cannot determine the appropriate number of categories, though they can spec-
ify an approximate range—the maximum number of topics within a time slice.
Therefore, during initial clustering, experts determine the topic number range,
after which spectral clustering performs secondary clustering on topics already
identified by K-Means++, merging similar topics within the same time slice to
obtain final topics.

The general spectral clustering algorithm process is: (1) Construct adjacency
matrix. In spectral clustering, the adjacency matrix W (i.e., topic similarity
matrix) must first be built. Weighted Jaccard similarity algorithm is used to
calculate similarity between topic nodes: using keyword frequency as weights,
calculating similarity between each topic and all topics one by one, ultimately
obtaining the similarity matrix. (2) Let D be the degree matrix, calculate
Laplacian matrix L = D - W, and normalize the Laplacian matrix using equation
(4): LN = D^(-1/2) L D^(1/2). (3) Compute the eigenvectors v1, v2, …, v�
corresponding to the k smallest eigenvalues of LN, let V = [v1, v2, …, v�], where
matrix V’s row count equals the number of topic nodes and column count equals
k. (4) Use K-Means algorithm to cluster matrix V into s classes.

3.2.3 Identification of Topic-Related Authors To explore the most im-
portant topic changes in a domain, this paper selects core research scholars
in the field and collects their published papers. If a keyword appears multiple
times in a scholar’s articles, it indicates that the scholar has conducted extensive
research on the topic represented by the keyword and indirectly demonstrates
the scholar’s influence in that domain.

After two rounds of clustering, all keywords are assigned to several topics. Since
in the keyword vector (a1, tj f1; …; ai, tj fi; …; an, tj fn), tjfi represents the number
of times keyword tj is mentioned in scholar ai’s articles, we can consider that the
scholar corresponding to the maximum value in the vector has researched the
keyword more extensively and has greater influence in the domain represented by
the keyword. Therefore, by calculating each topic’s centroid and examining the
magnitude of each value in the centroid vector, scholars with greater influence
on the topic can be identified.
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3.3 Topic Association Based on Similarity Calculation

After two rounds of clustering, topics from different time windows are obtained.
However, these topics are independent of each other. To further analyze topic
evolution, topics identified from different time windows must be associated. The
essence of topic evolution is the change in topic content, and topics in adjacent
time slices can be associated through similarity calculation.

The topics obtained in this paper consist of a series of keywords, and similar-
ity between different topics can be calculated using weighted Jaccard similarity
to associate topics and obtain a series of topic pairs. Due to high similarity
between these topic pairs, they can be considered to have topic evolution re-
lationships. Similarity calculation may produce some invalid associations with
unclear content continuation, so associated topics need to be filtered to highlight
core topic evolution. This paper uses a threshold-based method for association
filtering: let the sum of similarities between all topics in time period s and topic
T^(s+1)_j be sum, and � be the relative threshold. If sim(T^s_i, T^(s+1)_j)
/ sum < �, the association can be considered invalid. The filtered topic pairs
have strong associations and can represent topic evolution.

Weighted Jaccard similarity algorithm is used here to calculate similar-
ity between topics across different time windows. Let the i-th topic
in time period s be T^s_i, and the j-th topic in time period s+1 be
T(s+1)j. The frequency of keyword t in time period s is: w(t, T^s_i) = Σ{t�Ts_i} freq(t).
The intersection frequency of keyword t in topics T^s_i and T^(s+1)_j is:
w(t, T^s_i � T^(s+1)_j) = min(w(t, T^s_i), w(t, T^(s+1)_j)). The union
frequency is: w(t, T^s_i � T^(s+1)_j) = max(w(t, T^s_i), w(t, T^(s+1)_j)).
The similarity is: sim(T^s_i, T(s+1)j) = Σ{t�Ts_i � T^(s+1)_j} w(t, T^s_i �
T(s+1)j) / Σ{t�Ts_i � T^(s+1)_j} w(t, T^s_i � T^(s+1)_j).

3.4 Association Network Visualization Design

This paper uses D3.js to visualize association results, enabling researchers and
managers to intuitively understand domain development dynamics. Through
similarity calculation, topics from different time windows establish associations,
and visualization facilitates understanding and analysis of technical topic devel-
opment.

Topic evolution involves four types of information: topic intensity, topic content,
association relationships, and topic-related scholars. The visualization design
includes two display elements: points and lines, where points represent topics
on time slices and lines represent associations between topics. To display more
information, the domain development trajectory generated by this method can
be viewed via the Web with added interactivity: hovering the mouse over a topic
point displays the Top 5 high-frequency words and 5 most relevant scholars;
holding and dragging nodes is possible.

(1) Topic intensity. Topic intensity represents the popularity of a research
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topic. Since topics identified in this paper are collections of keywords,
topic intensity is measured by the total keyword frequency within
the topic. In visualization design, topic intensity is represented by
node width: node_{width}^s_i = w(T^s_i) × num_{doc}(s), where
node_{width}^s_i represents the intensity of the i-th topic on time
slice s, w(T^s_i) represents the total word frequency of that topic, and
num_{doc}(s) is the number of papers in time slice s.

(2) Topic content. This includes topic names and keywords within topics.
This paper uses the highest-frequency keyword in a topic as the topic
name and displays the Top 5 high-frequency words in a pop-up box.

(3) Association relationships. Topics in adjacent time slices connect to
form evolution relationships. Since the same keywords occupy differ-
ent proportions in different topics, the connection lines have different
thicknesses at both ends. Forward width is the line width displayed on
time slice s+1: forward_{width} = node_{width}^(s+1)_j × sim(T^s_i,
T(s+1)j) / sim(T^(s+1)j). Backward width is the line width displayed on time slice s: backward{width} = node{width}s_i
× sim(T^s_i, T^(s+1)_j) / sim(T^s_i).

(4) Topic-related scholars. The pop-up box displays the Top 5 scholars with
influence in the research topic.

4 Experiments and Results Analysis
4.1 Case Selection and Data Processing

To verify the effectiveness of the domain development trajectory identification
method, this paper takes “artificial intelligence” as the keyword and retrieves
literature from AMiner via API. Artificial intelligence has a long development
history. To identify the core changes from complex domain development, this
paper selects the Top 100 experts in the field and retrieves all their paper data
through API. Since the term “artificial intelligence” originated at the 1956 Dart-
mouth Conference, this paper limits the time span from 1956 to 2017, obtaining
a total of 25,614 articles.

Based on Wang Liya’s finding of a 5.5-year half-life for computer science papers
and Tian Jinping’s summary of five development stages of artificial intelligence,
this paper divides literature into 11 time slices with 6-year intervals for conve-
nience in mapping time slices to corresponding development stages, with 2016-
2017 forming a separate time slice. The number of articles in each period is
shown in Figure 2 [Figure 2: see original paper]. The number of publications
increased slowly from 1956-1991, grew exponentially from 1992-2009, reflecting
scholars’ intensified efforts and rapidly increasing research interest in this field.
The 2016-2017 time slice contains only two years and has fewer articles. Expert
and paper data can be obtained via API (http://doc.aminer.org/en/latest/).
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4.2 Topic Identification and Association

After retrieving literature, preprocessing is first performed. Keywords are ex-
tracted through the RAKE algorithm and lemmatized. The top 1,000 most
frequent keywords from each time slice are selected, and a stopword list is con-
structed manually. To observe macro-level topic changes, the initial clustering
K value can be set smaller, here defined as 10. Topics in each time slice are
obtained through the K-Means++ algorithm. Similar topics are merged using
spectral clustering, with the K value for spectral clustering also set to 10. Af-
ter initial clustering, if the 10 topics in a time slice have low correlation, the
number of topics in that time slice can remain 10 after spectral clustering. If
some topics are highly correlated, they can be merged into one topic through
spectral clustering, thereby achieving dynamic adjustment of topic numbers.
Topic identification results are shown in Table 1 .

A total of 68 topics were identified across 11 time slices. Next, topic association
is performed using weighted Jaccard similarity. Through experimentation, a
similarity threshold � of 0.2 yields the best display effect, with similarity greater
than the threshold indicating an association relationship between topic pairs.

4.3 Domain Development Trajectory Analysis

After visualization processing, the artificial intelligence domain development tra-
jectory is shown in Figure 3 [Figure 3: see original paper]. The trajectory graph
contains two elements: points and lines, where points represent specific research
topics on time slices, and lines represent associations between topics. From left
to right, as time progresses, topics continuously emerge, die out, inherit, merge,
and split. According to the theory of five development stages of artificial intelli-
gence, this paper divides the 11 time slices accordingly: [1956-1961] as Stage 1,
[1962-1967] and [1968-1973] as Stage 2, [1974-1979], [1980-1985], and [1986-1991]
as Stage 3, [1992-1997] as Stage 4, and [1998-2003], [2004-2009], [2010-2015], and
[2016-2017] as Stage 5.

Since the [2016-2017] time slice contains only two years and has fewer
articles, and node width in the visualization design logic is positively cor-
related with the number of articles in the time slice, the topic evolution
graph shows a “convergence” effect at the last time node. The artificial
intelligence domain development trajectory graph can be accessed via Web
(URL: http://118.24.155.51:8080/trend_{ai}/). Nodes can be dragged in the
webpage, and hovering over a node displays its core 5 topic keywords and 5
main experts.

Given that Stage 3 plays a connecting role in AI’s development history, this
paper selects Stage 3 (1974-1991) for in-depth topic content analysis due to
space limitations. The enlarged view of Stage 3 is shown in Figure 4 [Figure
4: see original paper]. Figure 4 intuitively shows Stage 3’s research hotspots,
including expert systems, neural networks, knowledge representation, natural
language processing, and parallel processing.
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4.3.1 Topic Intensity Change and Association Analysis Expert systems
appear twice in Stage 3 with thick connecting lines, where expert systems in
T2 are strongly related to knowledge representation in T3, indicating that ex-
pert systems integrated multiple previous research results and became the core
research topic during this period. In reality, from the 1960s to the late 1970s,
the DENDRAL mass spectrometry analysis system developed by Stanford Uni-
versity marked the emergence of expert systems, ushering AI research into a
new domain. Neural networks appear in the T3 time slice, associated with deci-
sion support systems, natural language processing, and information extraction
in T2, indicating that neural network research benefited from the development
of these three disciplines. Knowledge representation appears in the T2 time
slice. In the 1980s, Japan launched the fifth-generation computer development
program capable of large-scale parallel processing, and research on knowledge
engineering entered a prosperous period. Pattern recognition in the T2 time
slice is weakly associated with research topics in adjacent time slices, appearing
as an isolated node in the graph.

4.3.2 Topic Content Evolution Analysis Through two rounds of cluster-
ing, core research topics and topic-related keywords in each time window are
obtained. The top 5 most frequent keywords in each topic represent the topic’s
detailed content for in-depth analysis. All topics in Stage 3 are shown in Table
2 . The model can identify research topics in each time slice. Table 2 shows that
each topic has a clear direction, with keywords indicating the topic’s research
content. Taking neural networks in T3 as an example, the five most frequent
words—neural network, information retrieval, intelligent system, bioinformat-
ics, and biomedical research—indicate that early neural network research was
closely related to biotechnology research, reflecting the fact that neural networks
originated from human research on brain neurons. Intelligent systems illustrate
neural networks’ initial application scenarios.

Table 2 shows that research topic content continuously changes over time. Tak-
ing expert systems as an example, expert systems in T2 contain rule-based,
spectrum, knowledge engine, and knowledge acquisition, indicating that some
systems similar to those developed from mass spectrometry analysis collectively
formed a new generation of expert systems. At this time, expert systems were
rule-based and integrated knowledge. From T2 to T3, expert systems and knowl-
edge representation in T2 merged to form a new generation of expert systems
containing knowledge representation, knowledge-based systems, logic programs,
and knowledge engines, with greater emphasis on knowledge. The subtle changes
in expert systems show their evolution from rule-oriented to knowledge-oriented.

4.3.3 Topic-Related Scholar Evolution Analysis The model clusters
based on scholars and keywords, with each cluster’s centroid pointing to the
core scholars of that topic, thereby revealing scholar changes during topic
merging and splitting processes. Scholar changes can indirectly reflect changes
in research directions within topics. The pop-up box shown in Figure 5 [Figure
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5: see original paper] contains key topic information and core scholars.

Selecting scholars related to expert systems for further analysis, expert systems
appear as a separate topic for the first time in the 1980-1985 time slice and last
appear in the 1992-1998 time slice, appearing in 3 time stages total, as shown
in Table 3 .

In the 1980-1985 time slice, B.G. Buchanan is a professor in the Computer Sci-
ence Department at the University of Pittsburgh. He co-developed the first-
generation expert system DENDRAL with scientists including E.A. Feigen-
baum, a mass spectrometry analysis expert system. C. Djerassi extensively
applied mass spectrometry analysis in chemical research, expanding expert sys-
tems’ application scenarios. E.H. Shortliffe’s research is medical-related, publish-
ing numerous articles on medical consultation system design and expert system
performance optimization during this time slice. Thus, expert systems in this
time slice were highly specialized, aiming to solve specific problems in particular
domains.

In the 1986-1991 time slice, H. Prade and D. Dubois’s research relates to fuzzy
theory. H. Prade published articles on improving original rule-based expert sys-
tems using possibility theory. P.R. Cohen, Y. Wilks, and S.C. Shapiro focused
on information extraction and natural language understanding, with P.R. Co-
hen improving performance degradation issues in the GRANT expert system.
The second-generation expert systems introduced information extraction, fuzzy
theory, and uncertain reasoning techniques, offering greater generality and solv-
ing the over-specialization drawback of first-generation expert systems to some
extent.

In the 1992-1998 time slice, N.R. Jennings’s research relates to multi-agent sys-
tems for solving problems that single expert systems cannot address. E. Horvitz
conducted research on decision theory and possibility models during this period.
T.M. Mitchell, a core scholar in AI, published articles on knowledge extraction
from the Internet. Core experts’ research directions in this stage were relatively
dispersed, indicating that traditional expert system research was declining, with
content gradually shifting toward large-scale knowledge acquisition, knowledge
representation, and multi-expert system collaboration.

4.4 Validation of Domain Development Trajectory Identification Ef-
fectiveness

Validating method effectiveness is a common challenge in topic evolution re-
search. For topic content and intensity evolution, there are currently no uni-
versal standards to assess result validity, nor effective quantitative comparison
methods across different topic evolution models. Beyond quantitative metrics,
we are more concerned with whether identified topic evolution can truly reflect
actual domain development. Therefore, an expert consultation meeting was
convened to evaluate the results. The attending experts included two associate
senior computer domain experts, one PhD student, and two master’s students.
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After evaluation, experts believe that the identified artificial intelligence domain
development trajectory is generally accurate, with reasonable associations be-
tween topics across time slices and clear visualization, offering certain reference
value for analyzing AI technology development. However, some issues exist:
(1) Some topics appear at slightly deviated time nodes; (2) Some recent topics
are missing, such as speech recognition and computer vision; (3) Topics have
hierarchical relationships, but all topics are arranged in parallel in the graph.

Upon analysis, the author believes that temporal deviations may occur because
knowledge diffusion requires time, leading to differences between expert judg-
ments and data mining-based judgments. For missing recent topics, manual
retrieval in the original data revealed relatively few relevant articles, possibly
because these topics are less studied in academia but more in industry. To ad-
dress this, other data sources (such as patents) need to be introduced to correct
results. Regarding hierarchical relationships between topics, the author plans
to introduce Wikipedia tree-structured knowledge in future work to consider
keyword granularity information during clustering. The author also found that
some results do not align with expert cognition, mainly due to deviations caused
by single data sources. Therefore, future research will expand data sources and
use multi-source data to optimize domain development trajectory identification.
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