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Abstract
Topic evolution is essential for exploring a field; however, the journal’s contribution has 
not been explored in topic evolution research. In this work, we interpret a journal’s contri-
bution as a journal preference and investigate the concept based on topic focus, as shown 
in the journal-topic distribution. To analyse the topic focus, we first processed the data into 
documents consisting of only fine-grained topic words. Document vectors were generated 
using Sci-BERT and clustered using the k-means algorithm after dimensionality reduction. 
By matching journals with topic clusters, we calculated the journal preference score based 
on topic focus and then added a time factor to represent the evolution of journal preference. 
Simultaneously, we used the Zipfian distribution to classify fine-grained topic words into 
core and rare topic words, which were then used to establish topic relations in the evolu-
tionary analysis and calculate the novelty scores of journal topic words. We use the tech-
nology innovation management (TIM) field to conduct a case study. There were 8 typical 
and 16 derivative topics, totalling 24 different topics. We focused on four important topics: 
R&D activity, technology management, innovation activity, and climate change, and found 
that they all have a relatively innovative evolution in a given year. The study indicates that 
within a given topic, while the composition and ranking of top journal preferences fluctu-
ate over time, a subset of journals consistently exhibits dominance, appearing in the top 
ranks across most years. Although no clear relationship exists between journal preferences 
and ratings, A- and B-rated journals often dominate preferences for specific topics. Addi-
tionally, A- and B-rated journals with high or long preferences showed limited novelty. 
Most journals that preferred to interact with novel issues were C-rated.
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Introduction

Topic evolution is a classical and popular method of investigating the development and 
trends of academic research topics. This is typically conducted through co-citation analy-
sis, co-word analysis, or topic clustering to track topic changes using temporal documents 
(Gao et al., 2022; Zhu et al., 2022). With the continuous development of society, the cross-
integration of disciplines, and an increasing number of publications, topic evolution analy-
sis has become useful for exploring how a topic accumulates, develops, and evolves (Bai 
et al., 2021). In contrast to analysing research topics within a specific field, recent research 
has considered incorporating other academic entities such as authors (Rosen-Zvi et  al., 
2012; Schäfermeier et al., 2023), organisations (Jin et al., 2022), and journals (Song et al., 
2017) in topic evolution analysis.

Journals have always provided an important and useful foundation for studying topic 
evolution. Some studies use journals to delimit the research field, using journal papers as 
research data. Papers published in 40 marketing-related journals were confined and ana-
lysed in the top marketing journals to select the most important keywords for qualitative 
methods (Murgado-Armenteros et al., 2015). Bai et al. (2021) identified 20 journals from 
Q1-level journals in the SCImago Journal Rank in the e-learning field, excluded journals 
unrelated to e-learning, and finally retained 10 journals. The use of journals as qualifica-
tions in a research field ensures consistency in the meaning of topic words and avoids noise 
from unrelated fields. Simultaneously, it is easy to filter meaningful data from journals 
with significant influence. Other studies set journals as analysis elements. For example, the 
top 11 most productive Web of Science journals were obtained by conducting a bibliomet-
ric analysis of life-cycle assessment-related publications (Chen et al., 2014).

However, current research seldom focuses on revealing the interactions between top-
ics and journals when analysing topic changes. It is beneficial to explore this interaction 
because: (1) the relationship between journals and topics can be clarified from a topic evo-
lution perspective. Furthermore, (2) the role of journals in topic evolution can be clari-
fied. Song et al. (2017) proposed a novel journal–topic–time model that calculates journal 
rankings separately for different topics and explores journal contributions to topics. They 
interpreted this contribution as the degree of attention that the journal paid to the topic. 
However, their research problem concerned journal ranking; therefore, they only used topic 
distribution under journals to indicate the journal’s contribution to the topics as a small 
part of the analysis. They analysed attention but did not explicitly explore the types of rela-
tionships between topics and journals. In this study, we defined the concepts of topic focus 
and journal preference. These two behavioural concepts are commonly used in recommen-
dation systems: user preference is used earlier, and user focus is often ignored (Chen et al., 
2019). We draw on these two concepts to describe the relationship between journals and 
topics and further explain this relationship through topic distribution.

Therefore, this study aims to develop a method for analysing journal preferences based 
on topic focus and exploring temporal changes along with topic evolution. First, we defined 
the concepts of topic focus and journal preference. Using the topic cluster method, we ana-
lysed the relationships among them. The data were processed into fine-grained topic words 
and document vectors, which were then clustered using the k-means algorithm. We con-
ducted an in-depth exploration of journal preferences using temporal and topical analy-
ses. Our research is confined to fields where journals serve as the primary medium for 
publication. Using journal papers in the field of technology innovation management (TIM) 
published between 2013 and 2022 as the research data, we defined two types of topics: 
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typical and derivative. We also analysed the evolution of journal preferences for the four 
typical topic clusters and their novelty. The contributions of this study can be summarised 
as follows: First, we defined the concept of journal preference by regarding topic focus as 
the representation used to analyse which journal has a predisposition in favour of a certain 
topic. Second, considering the dynamic characteristics of journal preferences, we did not 
simply consider the relationship between journal preferences and topics under the topic 
of a certain year, but explored the change in journal preferences in the evolution of topics 
with comprehensive analysis.

Literature review

Topic evolution

Topic evolution delineates dynamic changes in a topic over time, encompassing its matu-
rity, integration of knowledge from other domains, amalgamation or division into new top-
ics, and the ascendancy or decline of specific topics (Chen et  al., 2017). It incorporates 
time-based topic modelling, which can show changes in topics in the field more dynami-
cally with multi-perspective analysis (Gao et al., 2022; Zhu et al., 2022). Some studies con-
sider time when modelling topics, and the most prominent method is dynamic topic mod-
elling (DTM). The DTM incorporates a time factor into latent dirichlet allocation (LDA) 
(Miao et  al., 2020) by introducing dynamic changes in topic distributions at each time 
point (Blei & Lafferty, 2006). The partitioning of documents into temporal slices is highly 
influenced by the choice of time granularity. To address such issues, a continuous-time 
DTM has been proposed, which uses Brownian motion to model topics through continu-
ous document collection (Wang et al., 2012). “Topics over time” has also been proposed 
based on DTM, which jointly models words and timestamps within a probabilistic graph-
ical model (Wang & McCallum, 2006). “Topics over time” incorporates the time factor 
more directly, explicitly modelling the change in topics over time. The recurrent Chinese 
restaurant process is another typical topic evolution model. It is a stochastic process used 
in Bayesian nonparametric models, particularly in the context of topic modelling, and cap-
tures the birth, growth, and death of topics (Ahmed & Xing, 2008). Its main advantage lies 
in providing a nonparametric method to deal with dynamic topic changes and the ability to 
adapt automatically to data.

Other studies establish topic relations after obtaining topics from different time slices. 
Topic evolution relations can be established by computing topic similarities between dif-
ferent time slices. Some studies use words as research topics to directly link the same topic 
words in different time slices (Amiri et al., 2021; Burmaoglu et al., 2017) or use co-word 
networks and adjacency matrices to link them (Wang et  al., 2022a). Semantic distance, 
or Kullback–Leibler divergence, is also used to calculate the coherence of a topic across 
different time slices (Mei & Zhai, 2005; Zhu et  al., 2022). In addition, an environment-
adapted relation identification function was constructed to identify topic relations, consid-
ering the different types of relations between topics: evolution, fusion, and death (Zhang 
et al., 2017). Topic evolution pathway tracking has also been applied to establish interac-
tions between topics (Zhang et al., 2021).

Topic evolution research shows a diversified trend, providing more abundant methodol-
ogy and analytical aspects for in-depth analysis. Huang et al. (2024) analysed the patterns 
of topic evolution in science, especially from the perspective of the semantic coherence of 
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topics in the semantic vector space, and explored the possible reasons for this. The k-means 
clustering algorithm was used to identify four general semantic consistency evolution pat-
terns. Considering that the temporal distribution of research keywords in the literature 
may reflect the evolutionary stage of topics over time, the time distribution of research 
topics in different development stages based on research heat curves was mined (Zhang 
et al., 2024b). Topic evolutionary paths are also explored based on embeddings (Jin et al., 
2024). They proposed a method that combined word embedding, document embedding, 
clustering, and network analysis to extract topics, measure their semantic similarity, and 
quantitatively distinguish their evolving states. Additionally, academia values the evolution 
of technological topics. Zhang et al. (2024a) presented a method for analysing technology 
development from an entity-centric perspective, which is more accurate than the traditional 
coarse-grained topic analysis. Liu et al. (2024) proposed an integrated method to map the 
technological evolution paths of scientific papers and patents. Recently, there has been a 
trend toward using popular topic modelling methods for topic evolution, demonstrating the 
superiority of these methods. A framework for interdisciplinary topic identification and 
evolution analysis has been proposed based on BERTopic (Wang et al., 2024). Using BER-
Topic, the model extracts topics, identifies interdisciplinary topics based on topic diversity 
and cohesion, and analyses their evolution. Invernici et al. (2024) introduced the CORD-19 
Topic Visualizer (CORToViz), a method and a related visualisation tool for examining the 
CORD-19 scientific abstract text corpus. BERTopic was implemented in this tool for topic 
modelling.

In the early years, most studies used software to derive the evolution of a topic, which 
involved only topics. Recently, the contributions of other academic entities such as authors, 
organisations, and journals to topics have been considered. The most frequently used aca-
demic entity is the author, and a graph structure helps analyse topic flows between authors 
with different research interests (Schäfermeier et al., 2023). The author–topic model was 
proposed by extending the LDA to include authorship information (Rosen-Zvi et al., 2012), 
and this extension adds a time factor to investigate the interactions between authors and 
topics (Xu et al., 2014). As for organisations, the associations between funding agencies 
and the topics they fund are considered; they analyse funding patterns at both organisa-
tional and topic levels (Jin et al., 2022). Song et al. (2017) extended the Dirichlet multi-
nomial regression to a journal–time–topic model to rank journals and then analysed the 
journals’ contributions. They interpreted this contribution as the degree of attention the 
journal paid to the topic.

Topic modelling

Topic modelling is a core component of topic evolution, and the accuracy of the topic iden-
tification results has a considerable impact on topic evolution. Topic modelling methods 
can be divided into four main types: co-citation analysis, co-word analysis, LDA-related 
models, and semantic cluster approach. Co-citation analysis uses the relations between cit-
ing and cited publications and has been used to identify research topics in various disci-
plines (Chang et al., 2015; Hou et al., 2018; Réale et al., 2020). However, the connection 
between citations and the originality, significance, or quality of work, differences among 
source materials in technical and applied fields, and biases in databases have been exten-
sively criticised (Zhang et al., 2017). With the development of natural language process-
ing tools, the content analysis of topic evolution has become increasingly convenient and 
popular. Co-word analysis is an easy and useful method for scholars, often used in research 
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on topic evolution (Bai et al., 2021; Murgado-Armenteros et al., 2015). LDA is a classical 
model of topic detection. Researchers have conducted several meaningful topic evolution 
analyses using LDA and its related models. The popularity of the semantic cluster approach 
stems from the successful use of Word2Vec (Mikolov et al., 2013), which contributes sig-
nificantly to representation learning. Studies are more likely to use Word2Vec to obtain 
semantic relations (Huang et al., 2022). Bidirectional Encoder Representations from Trans-
formers (BERT), a new language model, has achieved better results in most natural lan-
guage processing tasks and is trained on massive amounts of text; thus, it has been proven 
to have excellent semantic representation (Devlin et  al., 2019). This makes it useful for 
improving the accuracy of topic detection. Regarding document vectors, Sentence-BERT 
achieved superior results in many tasks (Reimers & Gurevych, 2019). SciBERT accurately 
represents academic terms (Beltagy et al., 2019). After generating semantic embeddings, 
researchers tend to use cluster algorithms (e.g. k-means and DBSCAN (Density-Based 
Spatial Clustering of Applications with Noise)) to cluster vectors into topics.

BERTopic and Top2Vec are two popular algorithms used for topic modelling. BER-
Topic is an integrated method with the following components: Sentence-BERT, UMAP 
(Uniform Manifold Approximation and Projection), HDBSCAN (Hierarchical Density-
Based Spatial Clustering of Applications with Noise), and c-TF-IDF (Grootendorst, 2022). 
This addresses the inconsistency between density-based clustering and centroid-based 
sampling. It first uses Sentence-BERT to generate document vectors. To reduce the com-
plexity of high-dimensional vectors, UMAP is used to reduce the vectors’ dimensionality 
(McInnes et al., 2018). Subsequently, a hierarchical density-based algorithm, HDBSCAN, 
is employed to cluster the vectors by identifying the dense and stable regions in the data. 
Finally, c-TF-IDF is used to generate topic-representative words. Top2Vec is an algorithm 
that automatically detects topics and generates jointly embedded topics, documents, and 
word vectors (Angelov, 2020). Top2Vec’s processes are similar to BERTopic in that they 
involve common steps in topic modelling.

Unlike previous studies, we extended the meaning of topic focus and regarded it as a 
representation of journal preferences by conducting topic evolution and constructing rela-
tions between journals and topics. We used SciBERT to represent document embeddings 
and then used k-means to cluster topics, which served as the foundation for calculating 
the journal preference score. Moreover, we did not incorporate time into the topic model 
because (1) we wanted to explore the journal’s contribution to the topic clearly and accu-
rately without other factors. Further, (2) the classical methods do not integrate time or use 
semantics for topic clustering. However, it is necessary to consider the dynamic charac-
teristics of journal preferences, and it is also meaningful to study topic evolution based on 
journals rather than simply treating topics as research objects. Therefore, we added a time 
factor after detecting topics in different time slices.

Methodology

In this section, we present the three-stage method shown in Fig. 1. Journal articles were 
used as inputs, with each article treated as a document and analysed using this three-stage 
method. The first stage provided a conceptual framework for topic focus and journal prefer-
ences. In the second stage, we generated a topic vocabulary for fine-grained topic words 
through data preprocessing. Subsequently, we processed the data into documents consist-
ing of only fine-grained topic words and generated document vectors. After applying the 
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UMAP algorithm to reduce vector dimensionality and using the k-means algorithm to clus-
ter the vectors, we classified core and rare topic words for each topic. In the third stage, 
we matched the same topic across different years to establish topic relations. Then, we 
obtained the results of topic evolution by matching journals and topics and analysed jour-
nal preferences based on topic focus.

Topic focus and journal preference

In this section, we define the concepts of topic focus and journal preference, and clarify 
their relationships, approaching them from the perspective of topic evolution. As men-
tioned by Song et al. (2017), a journal’s contribution is measured by the attention it devotes 
to the topic. We extend this statement and claim that topic focus is a journal’s act or state 
of applying the mind to a topic. Furthermore, topic focus was used to represent journal 
preferences. Journal preference is a journal’s predisposition to favour something; therefore, 
it is the behavioural tendency of the journal. When based on topic focus, it is the journal’s 
predisposition to favour the topic. Topic focus analysis describes how topics capture user 
focus, whereas journal preferences describe how topics suit user preferences. In this situa-
tion, we have the opportunity to investigate journal preferences by analysing the interaction 
between journals and topics.

First, we clarified the basic definition of a topic cluster. Let W be the set of words 
W = {w1,w2,… ,wN} , where N is the total number of words. Words can refer to individual 
words or n-grams. Let D be the set of documentsD = {d1, d2,… , dM} , where M is the total 
number of documents. Let J be the set of journalsJ = {j1, j2,… , jK} , where each journal is 
represented by an element ofJ . A mapping function f ∶ D → J is defined to represent the 
assignment of each document in the document set D to its corresponding journal within the 
journal set J . For every documentdi ∈ D , the mapping function f  maps it to a journal j ∈ J , 
such that f

(
di
)
= j . For any two distinct documents di and dj ( di ≠ dj ), if they belong to the 

same journal, then f
(
di
)
= f

(
dj
)
 ; if they belong to different journals, then f

(
di
)
≠ f

(
dj
)
.

Based on the topic cluster, a topic set Z is defined as the probability distribution of W , 
and the word distribution of topic z is a mapping �z ∶ W → [0,1] (topic-word distribution). 
Document-topic distribution is defined as a probability distribution over a set of topics for 

Fig. 1   The framework of the methodology
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a given document. Specifically, for documentd , the document-topic distribution is a map-
ping�d ∶ Z → [0,1] , where Z is the set of topics, and each element �d,z of the vector �d 
denotes the proportion of topic z in documentd:�d = (�d,1, �d,2,… , �d,K) , where �d follows 
a dirichlet distribution, and the sum of the proportions for all topics in a document equals 
1:
∑K

z=1
�d,z = 1 . If it is a topic cluster for documents, then the document belongs to one 

topic. For each document, there is exactly one topic z for which�d,z = 1 , and for all other 
topicsz′ ≠ z,�d,z� = 0.

Therefore, topic focus is defined as the probabilistic mapping of the distribution of jour-
nal J for each topic z (journal-topic distribution). Let �j ∶ Z → [0,1] be the topic distribu-
tion for journal j , representing the journal’s degree of focus on various topics. This map-
ping can be specifically expressed as�j(z) = P(z|j) , where P(z|j) denotes the probability of 
selecting (i.e. focusing on) topic z given journal j . The sum of the probabilities for all topics 
of the same journal j equals 1:

∑
z∈Z �j(z) = 1 . Additionally, journal-topic-word distribution 

can be interpreted as follows: for each journal j fromJ , a mapping from words to [0,1] is 
yielded by the sum over �j(z) ∗ �z(w) for all pairs (z,w) inZ ×W.

Journal preferences based on topic focus refer to the interpretation of journal prefer-
ences through the lens of topic focus. We use the ordering relation to define journal prefer-
ence, which indicates which topic is better chosen by the journal between topics z1 and z2 . 
Let Z be a selection collection, and let the preference relation be denoted by the symbol ≿ . 
For any two topics z1, z2 ∈ Z that are available for selection, z1 ≿ z2 indicates that selecting 
z1 is considered at least as good as (or better than) selecting z2 . If the journal defines a strict 
preference relation such that selecting topic z1 is considered better than selecting topic z2 , 
this can be represented as z1 ≻ z2 . Figure 2 presents a schematic of the relations among 
topic clusters, topic focus, and journal preferences, illustrating the three layers: journals, 
topics, and words. Entities corresponding to each layer are depicted, with various relation-
ships among these entities clearly marked.

Based on journal preference, we define the degree of journal preference based on topic 
focus, which is called the journal preference score. Let u ∶ Z → ℝ

+ be a real-valued func-
tion. Define u as a utility function that represents the utility value of each option z in the set 
Z . For any z1, z2 ∈ Z , if u(x) > u(y) , it indicates that the journal has a higher preference for 
topic z1 over topic z2 . The strict preference relation z1 ≻ z2 is equivalent to u

(
z1
)
> u(z2).

Fig. 2   The schematic of relations among topic clusters, topic focus, and journal preferences
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We used a preference score to calculate the degree of journal preference. By analysing the 
degree of topic focus, comparable journal preference scores were calculated for the same 
topic. It is worth noting that this type of preference is different from the journal’s publica-
tion preference, which is reflected in the acceptance rate of papers—opaque data for aca-
demics. The journal preference score calculation considers that when a document is near 
the cluster centre, the document topic is closely related to the cluster’s topic. The contribu-
tion of documents to the same topic is different; therefore, the contribution of documents to 
a topic should be used in the journal preference score calculation. The journal preference 
score of Journal A for Topic B can be calculated as:

where n is the number of documents in Journal A clustered in Topic B, distancei is the 
Euclidean distance between the document vector i and the cluster centre vector, and indexi 
is the index of the current document in all documents in this cluster, ranked by distance. 
The preference score of Journal A in Topic B was calculated by summarising the prefer-
ence scores of all documents belonging to Journal A. The accumulation reflects the large 
number of papers themselves and also reflects the journal’s attention to the topic. It is 
worth noting that only the preferences computed for the two journals on the same topic are 
comparable. However, this method is still sensitive to the number of papers published by 
the journals. This score eliminates the impact of the number of papers published in a single 
journal. Based on the distance, the index acts as a balancing factor, and together with the 
ln() function, both work jointly to ensure a more even contribution of different journals to 
the topics, thereby reducing the excessive influence of large-scale data on the results. How-
ever, if a journal publishes a large number of papers on that topic, those papers are also 
likely to be located near the cluster centre, so the journal preference score will be large. 
The analysis of journal preferences used these scores.

Data processing

The data processing included fine-grained topic word generation, topic clustering, and 
word classification. First, research data were obtained and processed into fine-grained 
topic words. To explore the contributions of the journals, we selected a specific journal 
list to retrieve research data. Using these journal lists, papers were obtained from a specific 
database. To better represent semantic meanings, fine-grained topic words were used, as 
research has shown that a single word cannot reflect the complete meaning of a research 
topic (Li et  al., 2018; Zhang & Yu, 2020). We mainly used ITGInsight software (Wang 
et al., 2022b) to extract fine-grained topic words. The first step was to generate n-grams 
excluding unigrams. Data were imported into ITGInsight, where the function ‘Data Clean-
ing’ was used. The minimum n-grams length is set to 2 and then lengths are set based 
on the range of n-gram lengths, which is determined by the distribution of more widely 
occurring n-grams. Based on the process, n-grams were extracted as the candidate set of 
fine-grained topic words. The second step involved selecting meaningful n-grams as fine-
grained topic words and constructing a topic vocabulary. After stemming and synonym 
merging, we used software to calculate the TF-IDF values of n-grams and sorted the fine-
grained topic words according to their TF-IDF values from highest to lowest. When the TF-
IDF values of the n-grams fell below a certain threshold, they became difficult to interpret. 
This value was selected as the threshold, and n-grams with TF-IDF values below it were 

(1)JPA−B =
∑n

i

�
1

indexi
×

1

1+ln(1+distancei)

�
.
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filtered out. The selected n-grams were then queried to check whether they are domain-
specific terms. The ones identified as relevant were retained as fine-grained topic words 
and collected into a topic vocabulary. Experts manually reviewed the final topic vocabu-
lary. The final step involves processing the raw document data D = [w1,w2,… ,wn] , where 
D is an ordered sequence of words. The fine-grained topic words are treated as unified 
units in our study, without delving into the internal structure of the individual words within 
them. After preprocessing, the document D′ consists of only fine-grained topic words 
D� = [p1, p2,… , pm] , where each fine-grained topic word pi is a contiguous subsequence of 
words from D . The original order of words in D is preserved in D′ , meaning that the fine-
grained topic words p1, p2,… , pm appear in the same sequence as their constituent words 
in D . Non-fine-grained topic words are removed during this process. By ensuring that D′ 
retains the sequential structure of D , it remains an ordered list of fine-grained topic words 
rather than a set.

Second, the topics were clustered. All documents D′ consisting of only fine-grained 
topic words were represented using Sci-BERT. By default, Sci-BERT maps each docu-
ment onto a 768-dimensional dense vector space. We employed the UMAP algorithm for 
vector dimensionality reduction The k-means clustering algorithm was then used to form 
topic clusters, and the silhouette coefficient was used to determine the optimal number of 
clusters. Considering the volume of data and the anticipated extent of topic analysis, we 
determined the range of topic numbers to be set for the experiment. Topic clusters were 
generated according to the best K for each year.

Third, fine-grained topic words were classified to extract those that represented the 
topics. Based on the word distribution of the topic, fine-grained topic words—hereinafter 
referred to as ‘topic words’—are categorised into two distinct types: core and rare topic 
words. Core topic words are the foundation of a topic and reflect its intrinsic meaning. Rare 
topic words appear less frequently in a topic and change substantially each year, reflecting 
the evolution of the topic owing to its interactions with other issues. Zipf’s law was used 
to generate representative topic words, followed by word classification (Wang et al., 2023). 
This process includes the following steps: First, we considered the classical Zipfian distri-
bution, which requires the word size and rank list. Words were ranked according to their 
frequencies, and words with the same frequency were ranked in any order but assigned 
different ranks. The word list was treated as a Zipf word list, and the ranks were called Zipf 
rank lists. Next, we plotted the Zipfian curves, as shown in Fig. 3a. Point r0 distinguishes 
between the head and tail. Words in the head are defined as common words, whereas those 
in the tail are defined as rare words. r0 is the inflection point of the curve. In our study, 
because common words contributed more to the topic, we termed them ‘core topic words’. 
If topic words with the same frequency were encountered while classifying topic words, all 

Fig. 3   Word classification through Zipfian distribution
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topic words were selected for inclusion in this study. Any topic word with the same term 
frequency can be considered the first rank of the term frequency. To determine r0 , we plot-
ted a curvature curve in Fig. 3b. Equation (2) is derived by combining the Zipf distribution 
with a curvature formula, where C and � are constants specific to the document type and 
can be estimated through linear regression. r0 was determined by calculating the maximum 
value of the curvature curve in (3). We then used r0 to classify topic words as core or rare, 
as shown in the schematic figure in Fig. 3c. 

Analysis of topic evolution, topic focus, and journal preferences

In this section, we describe topic evolution, topic focus, and journal preferences. First, we 
established the relations between topics in different years and analysed the topic evolu-
tion results. An annual time-slice was used. After obtaining the topics for each year, we 
matched them using the similarity of topics, which was computed based on the ratio of 
shared core topic words. Based on this similarity, we were able to construct topic relations 
between years. Thus, the topic evolution results were obtained. Based on the topic evolu-
tion results, topic clusters were divided into typical and derivative clusters. Typical top-
ics are those that have maintained their importance throughout their evolution. At certain 
stages, they may receive less explicit attention owing to the emergence of derivative topics 
but continue to serve as a focal point for journal publications. Derivative topics are new 
topics that have evolved from the typical ones. After their emergence, they may reinte-
grate into typical topics or continue to develop independently in subsequent stages. Within 
a specific analysis period, these topics may exhibit various evolutionary characteristics: 
some emerge and gradually integrate into typical topics, some persist continuously or inter-
mittently after their emergence, and others initially exist independently before eventually 
merging into typical topics.

After obtaining the journal preference scores, an evolutionary analysis of journal prefer-
ences was conducted. We used a journal preference evolution graph to show which journals 
exhibited a preference for the current topic and to what extent they concentrated on it. For 
each year, the order of the journals represents their level of preference for the topic in that 
year. The journal with a higher preference was placed closer to the top. The width of the 
journal box represents the number of articles published in the journal on the current topic 
during the year. Thus, the overall cumulative width per year is the number of papers pub-
lished on the topic. Our analysis consisted of three parts. First, journals close to the top 
position were analysed. They contribute more to the current topic; therefore, it is meaning-
ful to emphasise them. Second, we analysed journals that had a constant preference for all 
years. It is important to analyse persistent efforts as they represent journals that are more 
likely to pay attention to the topic in the future. Finally, we incorporated the analyses from 
top-rated journals into the above two sections because most scholars are willing to publish 
their papers in higher-quality journals; thus, top-rated journals will receive more attention 
in academia. Through the above analysis, our method can provide a clear understanding of 

(2)k(r) =
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[
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2
] 3
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topics in specific fields and their corresponding journal preferences, which can contribute 
to the selection of journals by scholars.

Based on the novelty analysis of fine-grained topic words, we explored the innovative 
evolution of topics from the perspective of journal preferences and their interactions with 
other hot issues. By calculating the novelty of core and rare topic words, we can determine 
whether a topic has undergone substantive innovative evolution. Changes in the novelty 
of core topic words reflect the evolution of the essence of topics preferred by journals, 
whereas changes in the novelty of rare topic words reveal the interactions between topics 
preferred by current journals and other trending issues. We obtained all data from these 
journals in the database and defined the age of the topic word as the time interval between 
the first appearance of the topic word in the full-year data and the current year. Thus, we 
obtained the novelty of the journal topic words for a specific topic within a specific year. 
For the topic of a specific journal in a certain year, we calculated two novelty scores of the 
topic by selecting the lower quartile of the rank corresponding to the core topic word and 
the rare topic word and used a scatter graph to show their novelty. This allowed us to deter-
mine the novelty of a journal topic word for a specific topic and explore the relationship 
between topic word novelty and journal preference. The above two analysis patterns and 
graph representations will be embedded in ITGInsight software in the future.

Case study: evolution of journal preference in the TIM field

We considered the TIM field as a case study. Technology Innovation Management (TIM) 
integrates multiple disciplines, including management, economics, and engineering, mak-
ing it an essential interdisciplinary research area. The diversity of journal topics in the TIM 
field provides a robust foundation for analysing journal preferences and research trends. 
In the field of TIM, journal articles are the primary vehicles for disseminating academic 
findings. These articles typically exhibit high quality, substantial theoretical depth, and 
methodological rigour, ensuring that the data derived from them are reliable and stable. 
Leading journals in the TIM field, such as Research Policy and the Journal of Product 
Innovation Management, are known for their rigorous quality standards. The research they 
publish is not only of high academic value but also possesses broad applicability and gen-
eralisability, effectively capturing the overall development and emerging trends in the TIM 
field. Moreover, the topics explored in the TIM field are closely aligned with contemporary 
technological advancements, ensuring high relevance, considerable academic interest, and 
practical applicability. This alignment provides a wealth of research material and analytical 
opportunities. The TIM field is important and popular, particularly among scholars, policy-
makers, and business managers. This study aims to provide a better understanding of topic 
evolution and journal preference in the TIM field, which will aid scholars in effectively 
selecting journals for submitting papers and assist policymakers and business managers in 
formulating policies and enterprise development strategies.

Data preparation

The target domain was the TIM field. To reflect this field more accurately, we employed 
the science, technology, and innovation management fields of the Federation of Manage-
ment Societies of China (FMS Journal Rating Guide). This rating list was developed using 
rigorous scientific methods and drew upon several prominent and authoritative journal 
lists, including UTD 24, FT50, ABS, ABDC, CNRS, and VHB. High-quality journals were 
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selected and ranked from a comprehensive perspective to ensure the reliability and impor-
tance of journal ratings. Consequently, our choice to study TIM journals based on this 
ranking was both reasonable and representative, yielding meaningful results. There are four 
journal ratings (A, B, C, and D) in the FMS list. According to experts’ opinions, the quality 
of journals decreases from A to D. The field of science and technology innovation manage-
ment in China is often considered synonymous with TIM because it originally emerged 
from technology developed in more advanced countries, shaping the TIM field. However, 
its development in China occurred later, coinciding with an increasing emphasis on sci-
ence in the TIM field. Hence, the term ‘science and technology innovation management’ 
is used in China. This field includes 22 journals at levels A, B, and C (D-rated journals are 
typically absent from prominent journal ranking lists), suggesting that these journals do not 
adequately represent research in the TIM field. Consequently, they were excluded from the 
selection process. Table 1 presents the journal classification results.

All articles used in this research were retrieved from the Web of Science (WoS) due to 
its extensive coverage of diverse journals and comprehensive data. We used data spanning 
10 years, from 2013 to 2022. The search date was 1 February 2023. Although Econom-
ics of Innovation and New Technology and European Journal of Innovation Management 
were included only in the WoS core index in 2015 and 2016, they had a minimal influ-
ence on our research. We collected 13,730 papers and retained their titles and abstracts 
as the research data. ITGInsight was then used to generate the topic vocabulary. The ini-
tial length of the fine-grained topic words was set to 2–6, with their TF-IDF values set to 
greater than or equal to 20. After applying TF-IDF filtering, all resulting topic words fell 
within the length range of 2–4. Considering that the data for each year were mostly around 
1000–2000, we selected a number between 10 and 20 as the candidates for K. The K values 
for different years are shown in Fig. 4.

Overall topic evolution in 2013–2022

The result of topic evolution is shown in Fig.  5, which is a flow graph drawn using the 
Highcharts website and then manually labelled based on it; the topic intensity is calculated 
using the document numbers. It can be easily observed that there has been notable growth 

Table 1   FMS ABC-rated journals

Journal rank Journals

A Journal of Product Innovation Management (JPIM); Research Policy (RP)
B Industrial and Corporate Change (ICC); Technological Forecasting and 

Social Change (TFSC); Technovation (Tech); R&D Management 
(RDM); Science, Technology & Human Values (STH); Journal of 
Technology Transfer (JTT)

C Futures(Futu); Industry and Innovation (IAI); Research Technology Man-
agement (RTM); Science Technology and Society (STS); Evaluation 
(Eval); Economics of Innovation and New Technology (EINT); Inter-
national Journal of Technology Management (IJTM); Journal of Engi-
neering and Technology Management (JET-M); Technology Analysis & 
Strategic Management (TASM); Research Evaluation (RE); Creativity 
and Innovation Management (CIM); Science and Public Policy (SPP); 
Innovation-Organization & Management (IOM); European Journal of 
Innovation Management (EJIM)
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within the TIM field. The number of papers increased from 966 to 1922, nearly doubling 
over the period. This phenomenon is caused not only by the emergence of new topics but 
also by the expansion of some existing topics. Table 2 lists the specific topics and their 

Fig. 4   The best K value in each year

Fig. 5   Overall topic evolution of the TIM field
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corresponding classifications. There were 8 typical and 16 derivative topics, totalling 24 
different topics. A single topic cluster is referred to as a ‘topic’ in the following analysis. 
Many derivative topics, including ‘tax incentive’, ‘elderly person support’, ‘sociotechni-
cal transition’, ‘business opportunity’, ‘supply chain’, ‘carbon emission’, ‘energy demand’, 
and ‘smart city’, appear only once. These topics are covered from either 2016 or 2020. 
‘Decision making’, ‘tax incentive’, and ‘elderly person support’ are derived from ‘social 
analysis’, while ‘socio-technical transition’ represents the integration of two distinct typi-
cal topics: ‘social analysis’ and ‘technology management’. ‘Business opportunity’ is highly 
correlated with ‘innovation activity’. Business opportunities drive innovation activities 
by creating demand for novel solutions, whereas innovation activities enable businesses 
to seize opportunities through the development of new products, services, and processes. 
‘Supply chain’ is derived from ‘technology management’. As a complex, multistage sys-
tem, the supply chain relies on technology management to achieve the efficient coordina-
tion of information, logistics, and financial flows. ‘Carbon emission’, ‘energy demand’, 
and ‘smart city’ were derived from ‘climate change’. Climate change has driven the need 
to reduce carbon emissions because the accumulation of greenhouse gases in the atmos-
phere is a primary cause of global warming. In response to climate change, rising energy 
demands necessitate a shift toward sustainable solutions, and smart cities have emerged 
as innovative frameworks to mitigate these impacts through efficient resource manage-
ment and reduced environmental footprints. Some derivative topics also appear frequently. 
‘Intellectual property’, ‘product innovation’, and ‘knowledge management’ all appear inter-
mittently in the domain, with ‘intellectual property’ being highly related to ‘R&D activ-
ity’, while ‘product innovation’ and ‘knowledge management’ are derived from ‘innovation 
activity’. Similarly, ‘new product’ is highly related to ‘product innovation’, so it is also a 
derivative topic of ‘innovation activity’. ‘Social capital’ and ‘social media’ were derived 
from ‘social analysis’ in different time slices. ‘New technology’ existed independently 
from 2013 to 2017 and was integrated into ‘technology management’ in 2018.

Specific topic analysis

Considering the abundance of topics, we sought advice from experts and selected four typ-
ical topics and their respective preferred journals for analysis: R&D activity, technology 

Table 2   Topics in the TIM field Type Topic

Typical topic clusters R&D activity, scenario planning, 
social analysis, technology 
management, innovation activity, 
open innovation, innovation 
policy, climate change

Derivative topic clusters Intellectual property, social media, 
social capital, decision making, 
tax incentive, elderly person sup-
port, socio-technical transition, 
supply chain, new technology, 
new product, product innovation, 
business opportunity, knowledge 
management, carbon emission, 
energy demand, smart city
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management, innovation activity, and climate change. These are mainstream topics that 
have garnered substantial scholarly attention and remain central to the field because of their 
enduring relevance and contribution.

Evolution of journal preference in ‘R&D activity’

R&D activity is the foundation of technological innovation, driving business develop-
ment and fuelling economic growth. A journal preference evolution graph for this topic is 
shown in Fig. 6. The topic has been active for the past ten years and has become increas-
ingly attractive to journals, with the number increasing from a minimum of 11 journals 
to all journals that publish on the topic by 2022. Since 2019, the data size of this topic 
has grown rapidly, with Technological Forecasting and Social Change making significant 
contributions to its development. We consider common top journals to be those that have 
ranked in the top 5 for more than 5 out of 10 years. The ranking of preferences for the 
topic was consistently diverse, and the common top journals included Research Evalu-
ation, Science and Public Policy, Research Policy, Journal of Technology Transfer, and 
Technological Forecasting and Social Change, which appeared 10, 10, 8, 7, and 6 times, 
respectively. One A-rated, two B-rated, and two C-rated journals were included. These five 
journals had many papers focusing on the topic, showing that they were deeply devoted 

Fig. 6   Journal preference evolution graph of R&D activity
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to it. Technovation and Science, Technology & Human Values ranked first in 2015 and 
2020, with a relatively small number of papers. They also ranked high, with a relatively 
small number of papers published in some years. Many journals have long preferred this 
as the basic topic in the TIM field. Eight journals had a ten-year preference for the topic, 
including Research Policy, Journal of Technology Transfer, Technological Forecasting 
and Social Change, Science, Technology & Human Values, Futures, Science and Public 
Policy, Technology Analysis & Strategic Management, and Research Evaluation. The long-
preference journals include one A-rated journal, three B-rated journals, and four C-rated 
journals. Another A-rated journal, Journal of Product Innovation Management, showed lit-
tle interest in this topic, publishing totally nine papers in 2015, 2019, 2020, and 2022, and 
ranked low in terms of preferences in these four years.

We then analyse the novelty of journals’ topic words in ‘R&D activity’, which is an 
auxiliary analysis of journal preference. A novelty scatter plot is shown in Fig. 7. When 
the colour of the circle is darker, the novelty of the corresponding journal topic words is 
higher in that year. It is worth emphasising that the data used to calculate novelty used the 
lower quartile, which will not be mentioned in the following section to avoid redundancy. 
Figure 7 shows core topic word novelty in 2021 because of the global spread of COVID-
19, and therefore ‘COVID-19 pandemic’ becomes core topic words in the current year. 
R&D Management and Research Technology Management are the most dominant jour-
nals on this topic. This represents a substantial innovative evolution of the topic, whereas 
the preference for R&D Management and Research Technology Management shows high 
novelty. Of the nine papers published by R&D Management in 2021, seven used the term 
‘COVID-19 pandemic’, which appeared 12 times. Research Technology Management has 
published three papers on the topic, two of which refer to the term ‘COVID-19 pandemic’, 
appearing twice. For rare topic words, Technovation is an example. In its preference for 
‘R&D activity’ in 2021, its rare topic words were very novel. Although Technovation did 
not contribute to the core topic words in 2021, its rare topic words such as ‘digital trans-
formation’ (appearing 4 times), ‘entrepreneurial ecosystem’ (appearing 9 times), and ‘busi-
ness ecosystem’ are quite innovative. These terms represent Technovation’s interactions 
with hot issues within the ‘R&D activity’, and these interactions have not impacted the 
substantive content of the topic. At the same time, we also found that among the rare topic 
words, the relatively novel journals were Industrial and Corporate Change, Technovation, 

Fig. 7   Novelty scatter in R&D activity
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Futures, Industry and Innovation, Research Technology Management, Science Technology 
and Society, Evaluation, International Journal of Technology Management, Creativity and 
Innovation Management, Innovation-Organization & Management, and European Journal 
of Innovation Management. Most journals were C-rated journals.

We then considered the topic word novelty of the high-preference journals. Technova-
tion ranked first in preference in 2015, and Science, Technology & Human Values ranked 
first in 2020, and both had average novelty. Research Policy, Research Evaluation, and Sci-
ence and Public Policy both had high and long preferences. Their core topic words also 
had average novelty, and their rare words were novel in the early years but old in recent 
years. We also explored topic word novelty in long-preference journals. We found that 
long-preferred journals do not usually show high novelty. Except for Futures, neither the 
core nor rare topic words of Research Policy; Journal of Technology Transfer; Techno-
logical Forecasting and Social Change; Science, Technology & Human Values; Science 
and Public Policy; Technology Analysis & Strategic Management; or Research Evaluation 
showed strong novelty.

Evolution of journal preference for ‘technology management’

Technology management is a classic research topic in the TIM field, which not only pro-
motes the innovative development of enterprises but also drives the innovation of manage-
ment ideas and methods. A journal preference evolution graph for this topic is shown in 
Fig. 8. As shown in Fig. 8, numerous journals have focused on this topic, ranging from 
a minimum of 16 journals to all journals that published on the topic by 2021. Common 

Fig. 8   Journal preference evolution graph of technology management
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top journals included Technological Forecasting and Social Change, Research Policy, 
and Technology Analysis & Strategic Management, which appeared 9, 8, and 6 times, 
respectively. There were two B-rated journals and one C-rated journal. In 2021 and 2022, 
the topic increased in size, largely owing to contributions from Technological Forecast-
ing and Social Change. The journals with the highest preference changed over time until 
Technological Forecasting and Social Change had the highest preference in 2019. Jour-
nal of Product Innovation Management had a strong focus on this topic for several years. 
Although it was not as prominent as Technological Forecasting and Social Change, it 
ranked first in 2014, using less data than Technological Forecasting and Social Change. 
Another A-rated journal, Research Policy, has also paid considerable attention to this topic. 
Its ranking was generally moderate but high in 2019, 2020, and 2021. Technovation, Jour-
nal of Product Innovation Management, Creativity and Innovation Management, Technol-
ogy Analysis & Strategic Management, Industrial and Corporate Change, Research Evalu-
ation, and Journal of Engineering and Technology Management ranked first in different 
years, showing ranking uncertainty in the evolution of this topic. Eleven journals have 
had a long-term preference for this topic: Research Policy, Technological Forecasting and 
Social Change, Technovation, R&D Management, Journal of Technology Transfer, Inter-
national Journal of Technology Management, Futures, Technology Analysis & Strategic 
Management, Industry and Innovation, Creativity and Innovation Management, and Sci-
ence and Public Policy.

A scatter plot of the novelty of the topic words in ‘technology management’ is shown 
in Fig. 9. Compared to other topics, both core and rare topic words were relatively novel 
for this topic. Most journals that contributed core topic words demonstrated several years 
of core topic word novelty. Although the novelty of Futures was very low in the core topic 
words, it was very high in the rare topic words in some years. Evaluation and Research 
Evaluation were similar. Many journals were innovative in core topic words, indicating 
that most made positive contributions to the evolution of the topic. The core topic words 
of this topic also showed obvious novel performance in 2021, which was influenced by 
‘digital technology’, ‘artificial intelligence’ and ‘big data’. These advancements in digital 
technology, artificial intelligence, and big data have collectively revolutionised technol-
ogy management by enabling data-driven decision-making, intelligent automation, and 

Fig. 9   Novelty scatter in technology management
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innovation at an unprecedented speed and scale. Industrial and Corporate Change, Techno-
vation, and Science, Technology and Society contributed greatly to the substantive innova-
tion of this topic because of their preferences. Journals that exhibited significant novelty in 
rare topic words included Futures, Evaluation, and Research Evaluation. All of these were 
C-rated journals.

As representative journals with high preferences, Technological Forecasting and Social 
Change had novel core words in 2019 and 2020. Technovation had a strong topic prefer-
ence in 2013, and its rare words showed strong novelty in that year compared to other 
years. Journal of Product Innovation Management, Creativity and Innovation Manage-
ment, and Technology Analysis & Strategic Management all showed a relatively general 
level of novelty in both core and rare topic words when they showed a strong preference for 
this topic. Research Evaluation and Journal of Engineering and Technology Management 
did not contribute any core topic words, and their rare topic words had very low novelty in 
their high-preference years. We then analysed the topic word novelty of journals with long 
preferences. Technological Forecasting and Social Change, Research Policy, R&D Man-
agement, Industry and Innovation, Science and Public Policy, and Technology Analysis & 
Strategic Management had relatively general-level core and rare topic words. Journal of 
Technology Transfer, Futures, and International Journal of Technology Management were 
not novel in core topic words but were average in rare topic words. Conversely, Creativity 
and Innovation Management was novel in core topic words, with mediocre performance in 
rare topic words. Only Technovation exhibited novelty in both core and rare topic words in 
certain years.

Evolution of journal preference for ‘innovation activity’

Innovation activity is a general but important topic in the field of TIM, which can drive the 
long-term development and performance improvement of enterprises. We plotted a journal 
preference evolution graph for this topic, as shown in Fig.  10. At its highest, this topic 
received attention from 21 journals in 2019. The paper sizes on the topic were very large 
in both 2019 and 2022 owing to contributions from Technological Forecasting and Social 
Change. Common top journals included Technological Forecasting and Social Change, 
Research Policy, and Journal of Product Innovation Management, which appeared 9, 8, 
and 6 times, respectively. All of these were A- or B-rated journals. Technological Forecast-
ing and Social Change accounted for a large proportion of the preferences for innovation 
activities. It had a high preference for this topic, ranking first and second most of the time. 
Other journals, such as Research Policy and Technology Analysis & Strategic Management, 
often had strong preferences, but their rankings fluctuated more widely than Technological 
Forecasting and Social Change. European Journal of Innovation Management has exhib-
ited a high preference for this topic over the past 5 years. By 2022, it reached top posi-
tion. Note that R&D Management had a high journal preference score in 2016 despite the 
small number of papers related to this topic. Technological Forecasting and Social Change, 
Research Policy, Journal of Product Innovation Management, R&D Management, Jour-
nal of Technology Transfer, Technology Analysis & Strategic Management, Creativity and 
Innovation Management, International Journal of Technology Management, and Technova-
tion have all persisted on this topic for 10 years. Most journals are A- or B-rated.

Figure 11 shows the novelty of journal topic words in ‘innovation activity’. Many jour-
nals were innovative in core topic words, meaning that most made significant contribu-
tions to the evolution of the topic. Although the novelty of this topic did not show clear 
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Fig. 10   Journal preference evolution graph of innovation activity

Fig. 11   Novelty scatter in innovation activity
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year-based clustering, 2022 had relatively more journals with notable novelty than other 
years. By analysing the topic words of novel journals, we found that this topic was also 
influenced by digital innovation. Digital innovation accelerates processes, enables new 
capabilities, and fosters collaboration across boundaries, thereby leading to increased effi-
ciency and novel outcomes. This leads to a more innovative evolution of the topic. Journals 
that demonstrated novelty in rare topic words in certain years included Futures, Science, 
Technology and Society, Technology Analysis & Strategic Management, Creativity and 
Innovation Management, and Innovation-Organization & Management. All of these were 
C-rated journals. We also found that journals that were highly novel in their core topic 
words did not show strong novelty in rare topic words.

Although Technological Forecasting and Social Change has paid considerable attention 
to this topic, its core topic words and rare topic words are not novel, meaning that this jour-
nal tends to publish typical papers with high and long preferences for this topic. The topic 
words of Research Policy, R&D Management, and European Journal of Innovation Man-
agement were not novel in their high-preference years. Regarding long-preferred journals, 
Technovation, Research Policy, and Journal of Technology Transfer had novel core or rare 
topic words. The core topic words of R&D Management, Journal of Product Innovation 
Management, and International Journal of Technology Management were novel for some 
years, but their rare topic words were not. In contrast, the core topic words of Technology 
Analysis & Strategic Management were not novel, and their rare topic words showed nov-
elty in 2014. The core and rare topic words of Creativity and Innovation Management have 
shown novelty in certain years.

Evolution of journal preference for ‘climate change’

Climate change has recently emerged as a prominent topic in various fields, including TIM. 
We plotted a journal preference evolution graph for this topic, as shown in Fig. 12. This 
topic has attracted journals, ranging from a minimum of 15 journals to all journals pub-
lishing on the topic by 2021. Although some journals focused on this topic, they had a 
low preference for it. The year 2021 had the highest number of publications, owing to the 
journal Technological Forecasting and Social Change’s strong attention to the topic. Tech-
nological Forecasting and Social Change and Research Policy were the most common top 
journals, appearing 10 and 9 times, respectively. From 2015 to 2018, Creativity and Inno-
vation Management, Industrial and Corporate Change, R&D Management, Technology 
Analysis & Strategic Management, and Journal of Product Innovation Management had a 
higher preference for this topic than Technological Forecasting and Social Change. Moreo-
ver, nine journals had long preferences for this topic on a year-on-year basis, including 
Technological Forecasting and Social Change, Science and Public Policy, Technovation, 
Research Policy, Journal of Engineering and Technology Management, Futures, Industrial 
and Corporate Change, Creativity and Innovation Management, and Journal of Technol-
ogy Transfer.

Figure 13 shows the novelty of the journal topic words in ‘climate change’. Most jour-
nals have a weak sense of contribution to the core topic words, but most contributing jour-
nals have relatively novel performances. Technovation and Journal of Engineering and 
Technology Management are the most novel performers in this topic in 2022. A common 
feature of both journals was the emergence of research on autonomous cars. The emer-
gence of autonomous cars in the context of climate change reflects the potential for tech-
nological innovation to address global environmental issues. This connection promotes the 
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novelty of the research content and interdisciplinary integration, making the topic more 
innovative. This has led to a substantial evolution of the topic. Journals that were novel in 
the rare topic words in certain years include: Technovation, R&D Management, Journal of 

Fig. 12   Journal preference evolution graph of climate change

Fig. 13   Novelty scatter in climate change
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Technology Transfer, Research Technology Management, Science, Technology and Society, 
Evaluation, International Journal of Technology Management, Creativity and Innovation 
Management, Science and Public Policy, and Innovation-Organization & Management. 
Most of these were C-rated journals.

As for the core topic words, Technovation and Journal of Engineering and Technol-
ogy Management performed excellently in novelty in 2022. Regarding rare topic words, 
Research Technology Management and Science and Public Policy showed strong novelty in 
2014. Evaluation showed strong novelty in 2019, 2020, and 2021. Although the high-pref-
erence journal Technological Forecasting and Social Change did not have the most novel 
core or rare topic words, it performed relatively well in the novelty analysis. Creativity and 
Innovation Management showed the strongest topic preference in 2015 but did not contrib-
ute to core topic words, and its rare topic words showed only moderate novelty. Industrial 
and Corporate Change, R&D Management, and Journal of Product Innovation Manage-
ment showed the strongest topic preferences in three different years, but their core and rare 
topic words performed equally well. Technological Forecasting and Social Change, Tech-
novation, Journal of Engineering and Technology Management, and Journal of Technology 
Transfer had novel core topic words and average novelty in rare topic words over certain 
years. Unlike the above four journals, the core topic words of Science and Public Policy 
were not novel; however, their rare topic words were novel for some years. Neither the 
core topic words nor the rare topic words for Industrial and Corporate Change were novel. 
Research Policy, Futures, and Creativity and Innovation Management were moderate in 
core and rare topic words.

Summary of journal preference evolution

The study indicates that within a given topic, while the composition and ranking of top 
journal preferences fluctuate over time, a subset of journals consistently exhibits domi-
nance, appearing in the top ranks across most years. For ‘R&D activity’, common top jour-
nals include Research Evaluation, Science and Public Policy, Research Policy, Journal of 
Technology Transfer, and Technological Forecasting and Social Change, which appeared 
10, 10, 8, 7, and 6 times, respectively. As for ‘technology management’, common top jour-
nals include Technological Forecasting and Social Change, Research Policy, and Technol-
ogy Analysis & Strategic Management, which appeared 9, 8, and 6 times, respectively. For 
‘innovation activity’, common top journals included Technological Forecasting and Social 
Change, Research Policy, and Journal of Product Innovation Management, which appeared 
9, 8, and 6 times, respectively. Technological Forecasting and Social Change and Research 
Policy are the common top journals, appearing 10 and 9 times, respectively, in ‘climate 
change’. For a single topic, the preference for a small number of journals is advantageous. 
Among all four topics, Technological Forecasting and Social Change and Research Policy 
showed advantages. There is no clear relationship between ranking and journal preference, 
but A- and B-rated journals both had dominant topics in specific years. The two A-rated 
journals exhibited the highest preference for two topics in a given year. Research Policy 
preferred ‘R&D activity’ and ‘innovation activity’, while Journal of Product Innovation 
Management preferred ‘technology management’ and ‘climate change’. For B-rated jour-
nals, Technological Forecasting and Social Change showed a preference advantage in all 
four topics; Industrial and Corporate Change showed a preference advantage in two top-
ics, ‘technology management’ and ‘climate change’; Technovation showed an advantage in 
‘R&D activity’ and ‘technology management’; R&D Management showed an advantage in 
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‘innovation activity’ and ‘climate change’; and Journal of Technology Transfer and Tech-
nology & Human Values showed an advantage in ‘R&D activity’.

All four topics evolved relatively innovatively in the given years. In 2020, ‘R&D activ-
ity’ was affected by the COVID-19 pandemic, and topics evolved more innovatively. In 
2021, both ‘technology management’ and ‘innovation management’ were influenced 
by digital technology and digital innovation. Climate change exhibited a unique pattern 
of interdisciplinary evolution. We also analysed the relationship between A- and B-rated 
journals with long and high preferences for topic novelty and found that these journals do 
not show high novelty. This may be because they have always focused on the same topic, 
reflecting more conservative preferences. We also found that C-rated journals are better at 
interacting with other issues. Specifically, in ‘R&D activity’, nine out of the eleven jour-
nals demonstrated novelty through the use of rare topic words are C-rated. In ‘technology 
management’ and ‘innovation activity’, all the journals that showed novelty in rare topic 
words were C-rated journals. As for ‘climate change’, seven out of the ten C-rated journals 
showed novelty in their use of rare topic words.

Method comparison and parameter evaluation

In this section, we first employ a comparative analysis to evaluate the different document 
vector representation methods and the optimal topic numbers for different years. Next, we 
explain the selection of length and TF-IDF threshold for fine-grained topic words.

We used three types of SentenceBERT (SBERT): MiniLM-L6, MiniLM-L12, and 
MPNet-based. MiniLM-L6 and MiniLM-L12 have 6-layer and 12-layer transformer struc-
tures, respectively, and encode text into 384-dimensional vectors. MPNet-based has a 
12-layer transformer structure and is a larger model, encoding text into 768-dimensional 
vectors. Additionally, we used Sci-BERT because our texts are scientific documents. We 
also decided whether to apply UMAP for dimensionality reduction prior to topic cluster-
ing based on the set topic range. The results are summarised in Table 3, bold values high-
light the highest NPMI values. We used the NPMI to evaluate the performance of the topic 
clusters. Its value ranges from − 1 to 1; 1 indicates that the topic is completely consistent, 
and − 1 indicates that the topic is completely inconsistent. It is worth noting that, because 
we only used fine-grained topic words for clustering—specifically high-frequency co-
occurrence term pairs—the NPMI score is expected to be large. It has been demonstrated 
that SciBERT, combined with UMAP, achieved the best performance across all ten years, 
which is why we selected this combination for our research.

Next, we determined the optimal number of topic divisions, which is the most important 
parameter for k-means. Through a manual analysis, we identified that the number of topics 
corresponding to the topic granularity and scale that this study aimed to explore ranged 
between 10 and 20. Although NPMI is highly advanced, when used to determine the opti-
mal cluster number K, the best K is usually distributed between 100 and 150. Such a clus-
ter number is too large for this study because the research granularity is too fine, making 
it unsuitable for adoption. Therefore, we used the classical silhouette coefficient method 
to determine the optimal number of topics for k-means clustering on the current data. The 
value range of the silhouette coefficient is [− 1,1], where 1 indicates perfect clustering, 0 
indicates that the clustering effect is not obvious, and a negative value indicates incorrect 
clustering. The stable annual optimal clustering number K after multiple experiments is 
shown in Table 4, bold values identify the best cluster numbers with peak silhouette coef-
ficients. The silhouette coefficient values did not appear to be very high because of the 
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information density of the fine-grained topic words. In our primary analysis, we chose the 
value with the largest silhouette coefficient within the range as the optimal number of top-
ics for each year.

We then discuss the parameter selection for topic words, which includes the length of 
fine-grained topic words and the TF-IDF threshold for fine-grained topic word selection. 
As mentioned in the data processing section, we manually filtered and constructed a topic 
vocabulary so that each document retained only the fine-grained topic words within the 
topic vocabulary and carried out a topic clustering experiment. This is explained in detail 
in this section. As mentioned above, phrases express semantic information better than a 
single word and are more suitable for topic modelling tasks. Therefore, single words were 
not considered. By using ITGInsight to generate n-grams, it was shown in Table 5 that the 
n-gram length was primarily concentrated within the range of two to six. After performing 
stemming and synonym merging on the n-grams, we calculated their TF-IDF values. When 
the TF-IDF value falls below a certain threshold, the majority of the n-grams fail to convey 
specific meaning. We chose this threshold value to filter out n-grams with TF-IDF scores 
below it. Consequently, a TF-IDF value of 20 was selected as the threshold.

Discussion

Research implications

This study has both theoretical and practical implications. First, we define the concept of 
journal preference. By using topic focus as a representation, we can explore a journal’s 
predisposition in favour of certain topics. Second, considering the dynamic characteristics 

Table 3   Method comparison Method Year

2013 2014 2015 2016 2017

SBERT(L6) 0.6916 0.6900 0.6600 0.6608 0.6632
SBERT(L6) + UMAP 0.6851 0.6893 0.6602 0.6440 0.6418
SBERT(L12) 0.6900 0.6937 0.6638 0.6459 0.6640
SBERT(L12) + UMAP 0.6643 0.6938 0.6520 0.6652 0.6434
SBERT(MPNet) 0.6850 0.6862 0.6610 0.6636 0.6698
SBERT(MPNet) + UMAP 0.6835 0.7013 0.6677 0.6619 0.6493
SciBERT 0.7900 0.7481 0.7611 0.7578 0.7570
SciBERT + UMAP 0.8126 0.7927 0.7983 0.7873 0.7923

2018 2019 2020 2021 2022
SBERT(L6) 0.6760 0.6487 0.6493 0.6212 0.6108
SBERT(L6) + UMAP 0.6660 0.6376 0.6296 0.5900 0.6149
SBERT(L12) 0.6763 0.6424 0.6431 0.6211 0.6152
SBERT(L12) + UMAP 0.6533 0.6320 0.6451 0.6156 0.6098
SBERT(MPNet) 0.6716 0.6580 0.6595 0.6239 0.6198
SBERT(MPNet) + UMAP 0.6709 0.6387 0.6410 0.6180 0.6095
SciBERT 0.7510 0.7628 0.7520 0.7033 0.7029
SciBERT + UMAP 0.7983 0.7668 0.7668 0.7550 0.7500
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of journal preferences, we did not simply consider the relationship between journal prefer-
ences and topics for a given year but explored how journal preferences evolve over time. 
Evolution analysis can help understand the rising or falling trends of journal preferences, 
which helps in exploring the development of the field and changes in a journal’s future 
preference. It is important to emphasise that the aforementioned theoretical contributions 
should be understood within the context of our research, which focuses on academic fields 
in which journals serve as the primary medium of publication.

By analysing journal preferences, an appropriate contribution strategy for journal selec-
tion can be identified. Choosing a suitable journal is crucial for the publication of a paper, 
as it not only increases the visibility and impact of the paper but also brings more academic 
opportunities and resources to the researcher. Understanding journal preferences helps 
authors more accurately locate journals that are suitable for them, thereby improving the 
success rate of submissions. Additionally, this analysis can promote the alignment of aca-
demic research with the needs of both the country and society. By analysing journal prefer-
ences, we can monitor their impact on the academic ecosystem and prevent the neglect of 
strategic and fundamental research.

Research limitations

Our study has some limitations. First, the removal of topic words with TF–IDF values 
of less than 20 may result in the omission of some emerging words. However, these less 
frequent words were not used in other common topic clustering methods. Second, we 
acknowledge that the high rankings of Technological Forecasting and Social Change and 
Research Policy are affected by their significantly higher volume of scientific publica-
tions. Although it has been verified that many papers in the core position also come from 
these two journals, their high ranking in relation to the attention of a certain topic reflects 
the objective fact that these journals have high publication volumes and numerous core 
papers. In future studies, we aim to consider journal preferences more comprehensively 
and expand our method to other fields, including those where journals are not the primary 
medium of publication.

Conclusion

This study explored the evolution of journal preferences based on topic focus. First, we 
extended the concept of topic focus, defined the concept of journal preference based on 
topic focus, and clarified the relationship between topic focus and journal preference. Sec-
ond, we used specific clustering methods to model the proposed journal preference prob-
lem. Fine-grained topic words were processed as the smallest unit of analysis, and Sci-
BERT was used to represent the semantics of fine-grained topic words, facilitating more 
precise clustering results. After dimensionality reduction and application of k-means clus-
tering to topics, we mapped journal-topic distribution to topic focus and proposed a method 
to calculate the journal preference score, which comprehensively considers the distance of 

Table 5   The document number 
of N-grams

N-gram’s N 2 3 4 5 6 7 8 + 

Document numbers 18,795 13,962 5171 2430 1187 399 201
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the paper from the topic centre and the number of papers, thereby producing precise prefer-
ence ranking results. Third, we considered temporal information in our research. Evolution 
analysis is used for understanding the status and fluctuations of journal preferences over 
time. Fourth, we classified fine-grained topic words into core and rare topic words using 
Zipfian distribution, which contributed to establishing topic relations and novelty analy-
sis of journal topic words. Finally, our method provides a clear understanding of topics in 
specific fields and their corresponding journal preferences, which is helpful for scholars, 
policymakers, and business managers when selecting journals, formulating policies, and 
developing enterprise strategies.

In this study, we used the TIM field to conduct a case study that included eight typical 
and sixteen derivative topics, totalling 24 different topics in the TIM field. We focused on 
four important topics: R&D activity, technology management, innovation activity, and cli-
mate change, and found that they all exhibit relatively innovative evolution in a given year. 
We explored journals with high and long preferences through a temporal analysis of jour-
nal preferences and observed the performance of A- and B-rated journals. Within a given 
topic, while the composition and ranking of top journal preferences fluctuate over time, a 
subset of journals consistently exhibits dominance, appearing in the top ranks across most 
years. Despite the absence of a direct correlation between preferred journals and their rank-
ings, A- and B-rated journals often dominate preferences for specific topics. R&D activity, 
technology management, and innovation management have undergone innovative evolution 
under the influence of the COVID-19 pandemic, digital technology, and digital innova-
tion, respectively, whereas climate change has demonstrated an interdisciplinary innova-
tion evolution. Moreover, A- and B-rated journals with high or long preferences typically 
do not introduce considerable novelty, and C-rated journals are more inclined to interact 
with newer issues.
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