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Abstract

[Purpose/Significance] Topic evolution plays a crucial role in detecting
scientific and technological frontiers and formulating innovation strategies.
[Method/Process] The topic evolution analysis process is decomposed into three
key steps: topic representation, similarity association, and intensity evolution
calculation. We propose a topic intensity evolution and prediction model that
employs the LDA model for topic representation, introduces dimensions such
as content similarity, co-occurrence similarity, and trend similarity for topic
association calculation, and incorporates a Prophet-based prediction-correction
model for forecasting topic evolution trends. An empirical analysis of evolution
is conducted using the stem cell field as a case study. [Results/Conclusion]
Experimental results demonstrate that when using the Logistic growth model
for prediction, the R2Score for each research topic exceeds 0.90, indicating that
the Logistic growth model in Prophet aligns well with the growth patterns
of topics in this field and can effectively fit the evolution trends of topic
intensity. The proposed topic evolution model offers valuable insights for topic
distribution and evolution analysis within specialized domains.

Full Text

Prophet Prediction-Correction Topic Intensity Evolution
Model: A Case Study in the Stem Cell Field

Zhang Xin, Wen Yi, Xu Haiyun, Liu Zhongyu

Chengdu Library and Information Center, Chinese Academy of Sciences,
Chengdu 610041
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[Method/Process] This paper decomposes the topic evolution analysis pro-
cess into three key steps: topic representation, similarity correlation, and inten-
sity evolution calculation. We propose a topic intensity evolution and prediction
model that employs the LDA model for topic representation, introduces content
similarity, co-occurrence similarity, and trend similarity for topic correlation
calculation, and incorporates a Prophet-based prediction-correction model for
forecasting topic evolution trends. The stem cell field is used as a case study for
empirical evolution analysis. [Result/Conclusion] Experiments demonstrate
that using the Logistic growth model for prediction yields R? scores above 0.90
for each research topic, indicating that Prophet’ s Logistic growth model aligns
well with the growth patterns of topics in this domain and can effectively fit the
evolution trends of topic intensity. The proposed topic evolution model offers
valuable insights for topic distribution and evolution analysis within specialized
fields.

Keywords: topic evolution; topic similarity; time series; Prophet

Classification Number: G251

1. Research Background

Research topic evolution involves the mining, analysis, and visualization of the
emergence, diffusion, and development processes of research topics. It enables
intelligence analysts and science and technology managers to comprehensively
and objectively grasp the patterns of innovation and development within a field,
making it a foundational and core task in technological frontier detection, tech-
nology foresight, and roadmap development. A profound understanding and
accurate grasp of the laws of scientific and technological innovation and evolu-
tion trends, along with systematic planning of new innovation pathways, are
essential for technological frontier prediction and innovation strategy deploy-
ment. In the era of big data, the explosive growth of scientific literature has
made deep, automated processing and mining of massive scientific documents
through large-scale knowledge computing theories and methods the mainstream
approach for research topic evolution.

Research topic evolution methods can be categorized into three types: qual-
itative research, quantitative research, and combined qualitative-quantitative
approaches. Expert knowledge-based methods primarily fall under qualitative
research, while citation and text mining methods belong to quantitative re-
search.

Expert Knowledge-Based Methods. Traditional research topic identifica-
tion in disciplines mainly relies on expert interpretation, employing methods
such as expert interviews, Delphi method, TRIZ method, and morphological
analysis [1]. These methods are highly subjective and costly, but due to the
credibility of domain experts, they remain widely adopted and achieve the best
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accuracy rates.

Citation-Based Methods. Since citation information effectively represents
knowledge inheritance, it plays a crucial role in research topic discovery and
evolution analysis. Representative methods include the citation main path ap-
proach used by N. P. Hummon [2], A. Martinelli [3], and L. Y. Y. Liu et al. [4],
and the citation clustering approach employed by A. Pilkington et al. [5] and R.
J. Lai et al. [6].

Text Mining Methods. With advancements in deep learning and natural lan-
guage processing technologies, along with improved computing capabilities, text
mining methods have become increasingly important in research topic evolution
analysis. These methods can be further divided into keyword co-occurrence-
based methods [7], syntactic structure analysis-based methods [7], and proba-
bilistic topic model-based methods [8-10].

A comparison of the three topic evolution analysis methods is shown in Table 1

Table 1. Main Methods for Research Topic Evolution Analysis

Method Category Principle Advantages Disadvantages
Expert Constructing ~ Authoritative Labor-intensive,
Knowledge-Based domain expert high cost
research topic  interpretation
evolution
trends
through
expert
interviews
Citation Analysis Calculating Quantitative Narrow citation
document description of coverage, citation
and topic multiple motivation
similarity citation interference,
through relationships, sometimes lagging
citation facilitating
relationships discovery of
topic
inheritance and
development
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Method Category Principle Advantages Disadvantages
Text Mining Obtaining Greatly Dependent on
topic promotes computer
similarity automation processing,
through topic  and efficiency computational
word of topic steps affect results
distribution evolution
and analysis, aids
distribution topic relevance
distance measurement

Current topic evolution analysis methods emphasize status analysis but neglect
future prediction. Particularly, trend analysis in recent time slices is often in-
accurate due to publication delays or incomplete data collection by publishers.
We argue that recent time slice data has two key characteristics: (1) High
data value—recent publications are most relevant to current research and best
reflect recent topic distributions, making them too valuable to discard entirely;
(2) Data incompleteness—recent publication data is incomplete, and using
this incomplete data directly for display and prediction leads to incorrect anal-
ysis and forecasting results.

2. Methodology Framework

The overall research process for topic evolution in this paper is divided into two
stages: the first stage is data processing and research topic identification, with
topic representation and extraction as its core; the second stage is research topic
trend analysis and visualization, with topic correlation and trend prediction as
its core. The relationship between the two stages is that topic representation and
extraction form the foundation and prerequisite for subsequent trend analysis—
only with good topic representation can the subsequent trend analysis results
be robust and interpretable—while topic trend analysis represents the goal and
outcome, serving intelligence analysis tasks such as research situation analysis
and technology decision-making deployment. The specific process is illustrated
in Figure 1 [Figure 1: see original paper].

(1) Data Processing and Research Topic Identification. Data is retrieved
from database providers using specific search strategies, then processed through
deduplication, missing value handling, stop word removal, and stemming to
form a cleaned domain corpus. Fields for analysis (keywords, titles, abstracts,
or full text) are extracted and divided into time slices according to certain rules.
Topic modeling methods described in Section 2.1 are used for topic extraction
and semantic enhancement, yielding two matrices: document-topic relationships
and topic-word relationships.

(2) Research Topic Trend Analysis and Visualization. For the extracted
research topics, different similarity calculation methods are employed for topic

chinarxiv.org/items/chinaxiv-202304.00266 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00266

ChinaRxiv [$X]

correlation. Topic intensity is calculated across different time slices to obtain
corresponding time series. Time series analysis methods described in Section
2.3 are applied to data from complete and accurate stages for trend prediction,
while incomplete recent data is used for prediction correction to obtain topic
trends. Guided by research topic lifecycle theory and combined with domain
experts, topic trends are analyzed and interpreted, then visualized as line charts,
topic river maps, and other forms to display research topic intensity evolution.

2.1 Topic Representation Modeling

The LDA topic model, proposed by D. M. Blei et al. in 2003 [9], has become
the most widely used model in topic extraction and representation due to its
ability to effectively extract latent topics from documents. While many sub-
sequent variants such as DTM [11] and TOT [12] have been proposed, these
algorithms have higher computational complexity and are not easily integrated
into intelligence analysis tools. The selection of optimal topic numbers can be
guided by perplexity metrics [9], and non-parametric topic models like HDP
[15] introduce hierarchical features for automatic selection, but they suffer from
high computational complexity and suboptimal performance.

The LDA model is a Bayesian probabilistic model that assumes documents are
composed of several latent topics, and topics are composed of words. Specifically,
given a document collection D with M documents d;, d,, -, d , where document
m has length N, the document generation process of the LDA model is: (1)
Sample the topic distribution for document d from a Dirichlet distribution
with parameter a; (2) Sample the topic z, for the j-th word w, in document
d from a multinomial distribution parameterized by ; (3) Sample the word
distribution ®_z, for topic z, from a Dirichlet distribution; (4) Sample the
final word w , from the word multinomial distribution ® _z, . Let the dictionary
size be N_d and the number of topics be N_T (symbols are the same in the
following sections).

The joint probability distribution of words and topics can be expressed as:

M N;
P(w, o, 8) = [ [ / P(,J0) [ Plai 100 Pl 71 B)d0),
=1

J=1z;;

Model parameters can be estimated using Formula (1). The original paper by
D. M. Blei used the E-M method for parameter estimation, which was slow.
I. Porteous et al. [13] proposed the Collapsed Gibbs Sampling method, signifi-
cantly accelerating topic model training and facilitating practical applications.
M. Hoffman et al. [14] proposed the Online Learning method for LDA models,
using batch updates and merging for training, making topic training feasible for
big data. The widely used Python Gensim toolbox employs this method.

Two issues require discussion for better practical application of topic models:
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(1) Topic Model Parameter Selection. The main parameters to specify
during training are «, 8, and topic number K. Recent research typically uses
indices like Topic Coherence for topic evaluation, such as D. Mimno et al. [16].
Some studies use fused features for topic number selection, such as Wang Tingt-
ing et al. [17]. We combine perplexity and coherence metrics for topic number
selection. This approach is relatively fast, yields satisfactory extraction results,
and requires fewer additional features. It provides only a recommendation for
topic number, with the final decision requiring expert interpretation of extrac-
tion results.

(2) Topic Semantic Enhancement. Traditional topic models use word sets
for topic representation, which are often difficult to interpret. To address
this, scholars have proposed semantic enhancement methods such as TNG [18],
CITPM [19], PhraseLDA [20], and Chunk-LDAvis [21], which use phrases for
topic representation with stronger readability. We employ Bi-Gram for topic
semantic enhancement, enabling extracted topics to contain both words and
common Bi-Gram phrases. This method is fast, requires minimal manual inter-
vention, and only needs one-time processing during data preprocessing without
secondary replacement operations after extraction, offering higher performance
efficiency for large-scale corpus extraction than other methods.

2.2 Topic Association

2.2.1 Topic Intensity After topic extraction, topic intensity calculation is
required. Topic intensity is a statistical attribute of topics representing their de-
gree of attention. Current calculation methods mainly include three approaches:
document count-based, corpus probability-based, and text saliency-based. Sun
Mengmeng et al. [22] compared these three methods and concluded that they
yield consistent results for long texts, with the first method producing more
significant results. Therefore, we adopt the first method for topic intensity
characterization.

Topic Intensity Definition: In time slice u with document count D_ u, the
intensity of topic j is defined as the number of articles belonging to topic j:

ST; = Y I(topic(d) = j)

deD,,

2.2.2 Topic Similarity Measurement Methods After topic extraction, we
aim to explore relationships between topics. In this paper, these relationships
are described using topic similarity. Traditional topic similarity is calculated
from the topic content distribution dimension. Additionally, we propose two new
perspectives—topic co-occurrence and temporal trends—to measure similarity,
introducing co-occurrence similarity and trend similarity metrics. We conduct
consistency analysis among these three similarity measurement approaches.
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(1) Content Similarity. Content similarity characterizes the structural sim-
ilarity of research topics in terms of content. Specifically, it measures topic
similarity using the similarity of topic word distribution representations. Vari-
ous methods exist to represent distribution similarity, such as Kullback-Leibler
(KL) divergence, Hellinger distance, Jaccard distance, and Jensen-Shannon (JS)
divergence. JS divergence has the advantage of symmetry, making it more suit-
able for topic similarity calculation scenarios. We select JS divergence as the
content similarity measure.

Let topic T_i (i [1, N_T]) have probability ¢ _{ik} for word w_k (k [1, N_d])
in the dictionary. The content similarity calculation formula is:

¢+ b,
2

¢ + 9,
2

simContent(T, ;) = 1-J5(0l0;) = 1= | 5K LON “ 5 ) + KL, 25 )

where the KL function is KL divergence, calculated as:

N, &
KL(@ill¢;) =3 dulog o

k=1 Jk
(2) Co-occurrence Similarity. Research topics have attribute features be-
yond content structure that can characterize topic similarity. We propose using
the co-occurrence frequency of research topics in documents to represent co-
occurrence similarity. For document d_m (m [1, M]), let the probability of
topic T_i be _ {mi} and topic T j be _ {mj}. The co-occurrence degree of
these two topics in this document is min( _{mi}, _ {mj}). The co-occurrence
similarity between two research topics across the entire document collection is:

M
simCoocur (T}, T;) = Z min(6,,,;, 0,,;)
m=1

(3) Trend Similarity. Trend similarity measures the similarity of different
technical topics in temporal evolution trends. Each research topic’ s intensity
across different time slices constitutes a time series. We propose defining trend
similarity through the similarity between these time series:

simTrends(T;, T;) = (1 + dist(T;, T;)) "

where dist(T_i, T_j) is the distance measure between time series {ST i} U
and {ST_j} U formed by topics T iand T_j. Time series similarity measure-
ment methods include lock-step metrics (e.g., Euclidean distance, Mahalanobis
distance) and elastic metrics (e.g., Dynamic Time Warping). DTW can over-
come Euclidean distance limitations, support sequence shifting, and flexibly
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handle multi-phase sequences, making it the most commonly used time series
metric. The DTW distance calculation uses dynamic programming:

dist(T;, T;) = comDist(T}, T} )+min(dist(R(T;), R(T;)), dist(T;, R(T})), dist(R(T;), T}))

where R(T_i) represents the remaining sequence of T i, and comDist(T"1_i,
T71_j) denotes the distance between the first time points of two sequences,
which can use Euclidean distance in practice.

2.2.3 Consistency Among Three Topic Similarity Measurement Meth-
ods The three similarity methods measure topic similarity from different per-
spectives, requiring different data and computational complexities. Are the
results from these three methods consistent? We use edit distance to measure
the consistency of results from different topic similarity measurement methods.
Using the similarity measurement methods described in Section 2.2.2, we ob-
tain sequences ordered by similarity to a given topic from largest to smallest.
By comparing the similarity of sequences generated by different topic similarity
measurement methods, we can measure method consistency. We employ the
edit distance proposed by Vladimir Levenshtein to measure sequence similarity,
representing the minimum number of operations (insertion, deletion, or substi-
tution) required to transform one sequence into another. Smaller edit distances
between sequences generated by two similarity measurement methods indicate
stronger consistency, and vice versa.

2.3 Topic Trend Prediction

Each topic’ s intensity forms a time series. With one year as a time slice,
incomplete data from recent time slices is first removed, and the preceding data
is used for modeling. However, recent time slice data better reflects current
topic trends, so this data is used for prediction correction and future trend
forecasting.

Problem Description: In time slice u, the intensity of topic j is ST_{uj}.
For each topic j, topic intensities across different time slices constitute a time
series {ST_{1j}, ST_{2j}, ST_{3j}, -+, ST_(U-1)j}. We aim to predict the
topic intensity ST_ {Tj} in time slice T (T > U).

(1) Basic Model. Current mainstream time series models include ARIMA
and LSTM neural networks [23]. ARIMA is effective for short-term prediction,
while LSTM performs better for long-term prediction. In this specific problem,
with yearly time units and limited training data, LSTM neural network models
struggle to converge.

In 2018, after Facebook open-sourced the Prophet forecasting tool [24], it quickly
became popular for time series analysis. As of July 22, 2019, the project had
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376 watchers, 8,888 stars, and 2,172 forks on GitHub. Prophet is an additive
model assuming observed variables follow:

y(t) = g(t) + s(t) + h(t) +&,

where g(t) is the non-periodic growth trend term, s(t) is the periodic factor
term, h(t) is the holiday factor term, and _t is an error term following a
normal distribution. Compared to previous models, Prophet offers advantages
including automation, interpretability, scalability, and fast training. For this
study, research topics show clear growth trends with relatively few data points.
Compared to the classical ARIMA model, Prophet better predicts growth trends
and converges more easily than LSTM models requiring large training samples.

Prophet uses both saturated growth (logistic) and piecewise linear (linear) trend

models. It also explicitly introduces change point detection. Letting C(t) repre-

sent the carrying capacity that changes over time, § be the rate change vector

at S change points, v be the adjustment vector, and a(t) be an indicator vector
{0,1}7S, the saturated growth model formula is:

C()

9(t) = 1 exp(—(k + a(t)T8)(t — (m + a(t)Ty)))

The linear model growth formula is:

g(t) = (k+a®)T6)t + (m + a(t)Ty)

In this study, we introduce the Prophet trend growth model for topic trend
prediction.  Specifically, we use yearly time slices, temporarily ignoring
periodic and holiday factors by setting weekly {seasonality }=False and
daily_ {seasonality }=False. With relatively small trend data volumes, we set
the number of change points to a smaller value (3 in this study), using default
values for other parameters.

(2) Prediction Correction. Since all research topic articles have the same
collection time, we can approximate that each research topic has the same miss-
ing proportion in the final time slice. Based on this proportion, we propose
correcting the values predicted by the Prophet model (see Formula 11), where
ST_{Tj} is the actually observed topic intensity at time T, ST _{Tj} is the topic
intensity at time T predicted by the Prophet model, and T_j is the corrected
topic intensity at time T:

N.
7o — 51, x a1 ST
Ty — Ty N o
Zj:lSTT]
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After incorporating the correction model, the overall prediction process becomes
a three-stage model: (1) Remove incomplete data and use the Prophet model for
preliminary prediction; (2) Use Formula (8) to correct preliminary prediction
results based on recent time slice data; (3) Conduct subsequent time slice topic
intensity evolution trend prediction based on the prediction-corrected data.

3. Empirical Research

Stem cell and regenerative medicine research has brought revolutionary changes
to disease treatment, including cancer, and has been selected nine times as one
of the top ten scientific breakthroughs by Science magazine. It is also a current
research hotspot in biomedical fields both domestically and internationally, with
relevant projects repeatedly deployed in major national science and technology
programs such as the National Key R&D Plan. Therefore, we selected the stem
cell field for empirical research. Using the search query (TI=Stem Cells) in ISI
Web of Knowledge in May 2019, we retrieved 43,469 articles. The number of
articles by year is shown in Figure 3 [Figure 3: see original paper], revealing
a trend of slow growth followed by rapid growth and then saturation. The
apparent decline in the last two years is due to incomplete data collection.

3.1 Data Preprocessing (1) Keyword Extraction. In the data prepro-
cessing stage, we first extract title and abstract fields from papers. Regular
expression matching is then used to remove punctuation marks, numbers, email
addresses, and other special characters from the original literature. The sim-
ple_ {preprocess} tool in the gensim package is used for initial tokenization.
Subsequently, the industrial-grade natural language processing tool SpaCy is
employed for part-of-speech analysis, extracting nouns, verbs, adjectives, and
adverbs as objects for topic extraction.

(2) Semantic Enhancement. Semantic enhancement can be performed either
during preprocessing or after topic extraction. Following a similar approach to
reference [17] and considering computational time complexity, we use Bi-Gram
for semantic enhancement. The Phrases tool in gensim is used to extract Bi-
gram phrases and add them to the original text, enabling extracted topics to
contain more interpretable phrase information. This method is fast, requires
minimal manual intervention, and needs only one-time processing during data
preprocessing without secondary post-extraction replacement operations, offer-
ing higher performance efficiency for large-scale corpus extraction than other
methods.

3.2 Topic Extraction in the Stem Cell Field Using the LDA model
in Gensim with alpha set to ‘auto’ , we employ both perplexity and co-
herence metrics to guide topic number selection. Perplexity is calculated
using the log_ {perplexity} function, and coherence is calculated using the
models.coherencemodel function in Gensim.
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As shown in Figure 4 [Figure 4: see original paper|, as the number of topics
increases, the perplexity metric gradually decreases, stabilizing when there are
about a dozen technical topics. The coherence metric reaches its best perfor-
mance with 14-16 technical topics, then stabilizes or even declines. According
to reference [16], coherence generally provides better evaluation than perplexity.
Combined with expert interpretation of topics under different topic numbers,
we determined the number of research topics to be 15. The content and struc-
ture of extracted topics are shown in Table 2 , where the first column’ s topic
content labels were provided after consulting domain experts, and the topic
structure column shows each keyword and its weight in the topic model’ s word
distribution.

3.3 Topic Intensity Calculation and Correlation Analysis (1) Results
of Three Similarity Measurement Methods. Using formulas (3), (4), and
(5), we calculate similarity matrices for different measurement methods, repre-
senting similarity between research topics as heatmaps (see Figure 5 [Figure 5:
see original paper|), where darker colors indicate higher similarity values.

In Figure 5, darker grayscale cells indicate stronger content similarity between
the row and column topics. Diagonal elements represent self-similarity (value
of 1). Content similarity is symmetric, shown by identical grayscale shades in
symmetric cells about the diagonal. Cells for topic8-topic12 and topicl0-topicl3
are darker, indicating strong content similarity.

Figure 6 [Figure 6: see original paper] shows co-occurrence strength results, with
diagonal elements representing self-co-occurrence strength (topic frequency).
Co-occurrence strength is also symmetric. Figure 6 shows darker cells for
topic8-topicl3 and topic8-topiclO, indicating high co-occurrence frequencies.
Topics with high frequencies (e.g., topic8, topicl0) also show relatively high
co-occurrence strength with other topics.

Figure 7 [Figure 7: see original paper] shows trend similarity results, with diag-
onal elements representing self-trend similarity (value of 1). Trend similarity is
symmetric, with identical grayscale shades in symmetric cells. Darker cells for
topich-topic6 and topic3-topicd indicate similar trends among these topics.

(2) Consistency Analysis Results of Three Similarity Measurement
Methods. Table 3 presents the consistency analysis results. The last column
shows average edit distances across 15 research topics. Table 3 clearly shows:
(1) Large edit distances between different similarity judgment formulas indicate
weak consistency among content similarity, co-occurrence similarity, and trend
similarity—topics with strong content/co-occurrence similarity do not necessarily
share consistent development trends; (2) The consistency ranking among the
three similarity methods is: (content, co-occurrence) > (co-occurrence, trend)
> (content, trend).

chinarxiv.org/items/chinaxiv-202304.00266 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00266

ChinaRxiv [$X]

3.4 Topic Intensity Evolution Analysis and Prediction We use three
metrics to measure deviation between observed and predicted values, evaluating
prediction quality:

RMSE (Root Mean Square Error):

- 1 Y -
RMSE(STi,STi) = \J ﬁ E (STM — STm.)2
u=1

MAE (Mean Absolute Error):

U
MAE(ST,, ST,) = % > IST,, — ST,

u=1

R? Score (Coefficient of Determination): R? ranges from 0 to 1, with
values closer to 1 indicating better fit.

U N

Zizl(STui - STuz)2
U =

Zizl(STui - STuz)2

R2(ST,,ST,) =1—

Table 4 compares results from three trend prediction methods. The first column
shows results from the ARIMA time series analysis model (using Auto-ARIMA
tool), the second column shows LSTM time series analysis results, and the last
three columns show Prophet model predictions. Each cell contains (RMSE,
MAE, R? Score) values. The table reveals:

(1) For all research topics, Prophet models achieve R? scores above 0.90, out-
performing ARIMA and LSTM models, demonstrating Prophet’ s ability
to effectively fit research topic evolution trends. The log-transformation
approach does not improve prediction accuracy. Since topic distributions
show clear growth trends (non-stationary series), direct ARIMA applica-
tion performs poorly. With yearly time slices and limited data, LSTM
models are inadequately trained, perform poorly, and are prone to over-
fitting. Prophet’ s Logistic growth pattern aligns well with the domain’ s
topic growth patterns, and its fewer parameters make it easier to achieve
good results.

(2) Different research topics exhibit inconsistent temporal evolution patterns.
Most topics follow Logistic trends, but Topics 5, 7, 11, and 12 are better
fitted with linear trends, possibly because these topics are in rapid growth
phases and have not yet reached saturation.

Figure 8 [Figure 8: see original paper| compares original prediction and
prediction-correction model results for the same technical topic. The left figure
shows fitting and prediction results for 2018 raw data, while the right figure
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shows results after prediction-correction. The prediction-correction model
clearly produces more stable subsequent trend predictions with less volatility,
better conforming to topic evolution growth patterns.

3.5 Visualization of Topic Intensity Evolution Analysis and Prediction
Results Using the Prophet-based prediction-correction model, we fit models
for all 15 research topics, with results shown in Figure 9 [Figure 9: see original
paper]. The figure shows that most research topics follow model growth pat-
terns, but outlier data—especially from recent time slices—significantly impacts
subsequent predictions, increasing volatility (e.g., topic2, topic10). Outliers can
also widen confidence intervals (e.g., topic6, topicl5).

We visualize topic intensity evolution using topic river maps, overlaying trend
analysis charts for all research topics in Figure 10 [Figure 10: see original pa-
per]. Each grayscale band represents a research topic, with band width indi-
cating topic intensity. Figure 10(1) shows raw data without prediction model-
ing. Figures 10(2) and 10(3) show results after introducing the Prophet-based
prediction-correction model. In Figure 10(2), band width represents topic in-
tensity, while in Figure 10(3), it represents relative topic intensity (the ratio
of a specific topic’ s intensity to the sum of all topic intensities in that time
slice). Relative intensity better reflects structural changes among topics within
the domain. The right-side boxes show post-2018 results. Figures 10(2) and
10(3) better conform to evolutionary development patterns, largely mitigating
the impact of incomplete recent data on trend analysis.

Figure 10 clearly shows that stem cell research topics overall exhibit growth
trends. However, Figure 10(3) reveals distinct differences among topics: Topic 2
(stem cells and disease diagnosis/treatment) shows the most rapid development,
with its proportion in overall research gradually increasing as stem cells find
applications in more disease treatments. Conversely, Topic 15 (hematopoietic
stem cells) represents relatively mature theoretical research, with its propor-
tion in overall research showing a declining trend as some mature technologies
transition from theory to application.

Around 1990 and 2000, Figure 10(2) shows significant changes in growth trends
for various research topics (similar to inflection points), while Figure 10(3) shows
oscillations in topic distributions. These time points align with major discover-
ies such as James Thomson’ s isolation of human embryonic stem cells in 1988,
the U.S. listing stem cells as a top ten scientific breakthrough in 1999, and
Japan’ s stem cell program proposal in 2000. This suggests that major scien-
tific discoveries may not only change topic growth trends but also alter topic
structures.

4. Discussion and Conclusions

Research topic analysis forms the foundation for scientific and technological
decision-making. Current topic trend analysis primarily focuses on status de-
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scription, with insufficient research on regular pattern analysis and prediction.
This paper proposes a research topic trend analysis and prediction method with
a three-stage model: topic extraction and representation, topic correlation and
similarity analysis, and topic trend analysis and prediction.

In the topic extraction and representation stage, we use the LDA model,
which offers advantages like automatic extraction of document latent topic rep-
resentation and remains a classic method. However, LDA has limitations in
representation capability and interpretability, requiring domain expert inter-
pretation. LDA also assumes consistent topic numbers across time slices—a
common approach in practical topic evolution systems that offers computational
efficiency but inadequately represents emerging topics. Future work could con-
sider combining pre-trained models for improved research topic representation.

In the topic correlation and similarity analysis stage, we use conven-
tional content similarity and propose co-occurrence similarity and trend similar-
ity metrics. We explore relationships among these similarity measures, finding
the consistency ranking: (content, co-occurrence) > (co-occurrence, trend) >
(content, trend).

In the topic trend analysis and prediction stage, we introduce the Prophet
model for intensity evolution trend analysis and prediction, comparing it with
classical models like ARIMA and LSTM. To address incomplete recent data in
intensity evolution, we propose a two-stage prediction-correction model. Exper-
iments demonstrate that this model effectively fits current status and future
evolution trends.

Model advantages, disadvantages, and future work:

(1) The stem cell field empirical analysis uses data reaching hundreds of thou-
sands of records, with topics showing clear trend characteristics after time
slicing, enabling time series model fitting. However, data coverage re-
mains insufficient. Future work will consider additional typical domains
for empirical validation and comparative analysis across different domains
to further verify the proposed method’ s applicability.

(2) In topic extraction and representation, while LDA is a classic method, its
representation capability and interpretability need improvement. Future
work will explore pre-trained models for enhanced research topic represen-
tation.

(3) In topic intensity trend prediction, the Prophet prediction-correction
model offers high automation, easy implementation, and alignment with
topic growth patterns. This study uses yearly time slices, finer than the
typical 3-5 year slices in informatics research, better capturing trend
features. However, it remains coarse-grained and doesn’ t fully utilize
Prophet’ s rich periodic and holiday modeling capabilities. Future work
will use larger datasets at finer granularity for trend prediction and
analysis.
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(4) Classifying research topics by their different growth patterns for emerging
and hot topic mining is a worthwhile future direction. Inflection or oscil-
lation points in topic evolution curves can be used to infer the emergence
of major discoveries or disruptive technologies.
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