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Abstract

[Purpose/Significance] As important knowledge collectives in contemporary sci-
entific research, studying the evolutionary characteristics of research communi-
ties during disciplinary development holds significant importance for exploring
domain development patterns and promoting knowledge innovation.

[Method/Process] To investigate the dynamic evolutionary characteristics of re-
search communities, this study takes the field of library and information science
as an example, approaches from the perspective of evolutionary event detection,
employs the Leiden algorithm to partition research communities, and constructs
research community evolution paths and evolution trees. On this basis, it identi-
fies research community evolution events and reveals the evolution patterns and
characteristics of research communities from three aspects: overall analysis of re-
search community evolution, analysis of research community evolution path and
evolution tree features, and statistical feature analysis of research community
evolution events.

[Results/Conclusion] The study reveals that research community scale demon-
strates a vigorous development trend, research community evolution trees ex-
hibit two evolution patterns, growth-type evolution events mostly occur in
large-scale research communities with higher publication volumes, birth and
extinction evolution events both occur in small-scale research communities with
higher publication volumes, while evolution events such as merging, partial merg-
ing, splitting, and attenuation have relatively small average community scales
and lower publication volumes, further demonstrating that cooperation and ex-
change among research communities tend to be more frequent, and research
community evolution is becoming increasingly complex.
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Abstract:

[Purpose/Significance] Scientific research communities serve as important
knowledge groups in contemporary scientific research. Investigating their
evolutionary characteristics during disciplinary development holds significant
value for exploring field development patterns and promoting knowledge
innovation. [Method/Process] To explore the dynamic evolution characteristics
of scientific research communities, this study takes the field of Library and
Information Science (LIS) as an example. From the perspective of evolutionary
event detection, the Leiden algorithm is employed to partition research
communities and construct their evolution paths and evolution trees. On this
basis, community evolution events are identified, and the evolution patterns
and characteristics of research communities are revealed through three aspects:
overall analysis of community evolution, analysis of evolution paths and tree
characteristics, and statistical analysis of evolution events. [Result/Conclusion]
The findings indicate that the scale of research communities shows vigorous
development momentum. Evolution trees exhibit two distinct evolution modes.
Growth-type evolution events mostly occur in large communities with high
publication output, while formation and dissolution events occur in small
communities with relatively high publication output. Evolution events such as
merge, partial merge, split, and shrink have small average community sizes and
low publication output, further demonstrating that cooperation and exchange
between research communities are becoming increasingly frequent and that
community evolution is growing more complex.
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With the gradual formation of the fourth research paradigm and the rise of
interdisciplinary research, scientific collaboration has become an effective ap-
proach for researchers to address complex problems. Research teams, as the
fundamental carriers of scientific collaboration, constitute the main body of
scientific and technological research—physical groups composed of researchers
with complementary advantages who are willing to cooperate and collaborate
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toward common research purposes, goals, and methodologies [1]. However, as
research problems become increasingly complex and systematic, virtual research
communities dominated by collaborative relationships have emerged [2]. In this
paper, scientific research communities refer to research groups formed by re-
searchers through co-authorship relationships [3]. Identifying these communities
and deeply exploring their evolution characteristics is crucial for understanding
field development patterns, formulating science and technology development
policies, and cultivating innovative talent, holding significant academic value
and strategic importance.

Early studies on research communities primarily adopted static perspectives,
identifying communities in static co-authorship networks and analyzing their
quantitative characteristics and topological structures using informetrics and
social network analysis methods [4-5]. However, actual research communities
change dynamically over time, with members joining or leaving and new col-
laborations forming or existing ones ending. Traditional static methods cannot
adequately analyze these continuous evolution processes, making dynamic ex-
ploration of community evolution a key focus for researchers [6].

Current studies mainly investigate community evolution by defining and iden-
tifying evolution events and analyzing network attributes across time windows.
However, most research offers incomplete definitions of evolution events and
fails to deeply reveal the evolution characteristics and patterns of research com-
munities. Addressing this gap, this paper takes LIS as a case study, employs the
Leiden algorithm to partition research communities, identifies 12 types of evo-
lution events, and analyzes overall evolution patterns, evolution paths and tree
characteristics, and statistical features of evolution events to reveal the intrinsic
evolution characteristics and modes of research communities.

2 Related Research

Most existing studies convert networks into static graphs across different time
windows to explore community evolution, typically following two steps: commu-
nity identification and evolution analysis.

2.1 Community Identification

Research communities are formed by researchers and their co-authorship re-
lationships. Previous studies have identified them based on either topical or
topological structures. From a topical perspective, researchers form communi-
ties through shared research interests. For instance, Chen Wenjie proposed a
community detection algorithm integrating author-topic features [7], while S.
Jung clustered authors with common topic preferences into “common interest
groups” to explore topic evolution [8]. J. Mao et al. argued that research com-
munities possess both topological and topical coherence, proposing a topical
community identification method to study community characteristics [3].
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From a topological perspective, co-authorship networks exhibit clear commu-
nity structures due to varying collaboration strengths. Researchers commonly
employ community detection algorithms from complex network theory, such as
Infomap [9], Label Propagation [10], and Louvain [11]. The Louvain algorithm
is a modularity-based graph clustering algorithm comprising two iterative steps:
node local movement and network aggregation. In the local movement phase,
nodes are moved to neighboring communities to maximize modularity gain. In
the aggregation phase, each community is collapsed into a single node to form
an aggregated network, with edge weights recalculated. These phases repeat
until network modularity is maximized. Compared to other algorithms, Lou-
vain offers high efficiency and effective partitioning [12], making it a preferred
choice for community identification. For example, Yu Hougiang [13] and Zou
Bentao [14] used Louvain to identify research teams in artificial intelligence
and explore their characteristics. Jiang Wenhua et al. [15] applied Louvain to
partition researchers based on research interest similarity networks in library
science.

However, the Louvain algorithm may identify communities with poor internal
connectivity when nodes serve as bridges between communities. To address
this, V. Traag et al. proposed the Leiden algorithm, which employs a fast local
movement process for initial community partitioning to improve speed and adds
a refinement step to optimize partitions. This retains Louvain’s advantages
while enhancing partitioning quality [16].

2.2 Community Evolution Analysis

Research on community evolution analysis falls into two categories: (1) exam-
ining structural changes to reflect evolution characteristics [17-18], such as Zou
Bentao et al’s study calculating extreme distributions of four network metrics
(nodes, edges, network density, average clustering coefficient) to explore evo-
lution patterns of high-productivity teams in AI [14]; and (2) identifying key
evolution events to investigate community evolution patterns, such as S. Asur
et al’s classification into five event types (continue, merge, split, form, dissolve)
[20], M. Takaffoli et al’s addition of growth and shrink events [21], and G. Palla
et al’s correlation analysis between events and community size/duration [22].

Current research has limitations: topology-based tracking only reveals overall
evolution patterns, while previous studies oversimplify evolution event defini-
tions [23], limiting in-depth analysis. Moreover, research on evolution paths and
patterns remains insufficient, with indicators still focusing on basic quantitative
features like community age and size [24], without incorporating research out-
put dimensions. K. Mohammadmosaferi et al. defined 12 community evolution
events considering partial evolution phenomena (e.g., subsets of two communi-
ties merging into a new one), providing deeper insights into evolution processes
[23]. Building on this, our study proposes a method to explore research com-
munity evolution characteristics in subject fields, using LIS as a case study,
employing the Leiden algorithm for community detection, and identifying these

chinarxiv.org/items/chinaxiv-202304.00505 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00505

ChinaRxiv [$X]

12 evolution events to reveal intrinsic evolution patterns through network fea-
tures, evolution paths, and event analysis.

3 Research Design

This study proposes a method to investigate research community evolution char-
acteristics from an evolutionary event detection perspective, analyzing evolution
processes based on comprehensive event definitions. Using LIS as an empirical
case, the workflow is illustrated in Figure 1 [Figure 1: see original paper].

3.1 Data Collection and Cleaning

To resolve author name disambiguation, this study selects the Scopus database,
which assigns unique author identifiers, as the data source. We collected all liter-
ature published between 2000-2019 from the top 100 LIS journals by CiteScore,
yielding 78,483 documents. After data cleaning, 70,015 documents remained,
involving 106,100 authors.

We filtered out low-frequency authors with fewer than two publications and
divided the 20-year period into 10 time windows (two years each). For each
window, we constructed co-authorship networks with authors as nodes and co-
authorship relationships as edges, resulting in 10 networks.

3.2 Community Detection

Community identification is crucial for evolution analysis. Based on co-
authorship network topology, we employed community detection algorithms.
To address Louvain’s connectivity issues, we used the Leiden algorithm from
Python’s igraph package, with modularity as the objective function and
co-authorship frequency as edge weights, to identify communities in each
network. Following the principle that triadic closure serves as a basic unit in
knowledge network analysis [26], we analyzed communities with more than two
members, naming them as “time window, community ID.”

The Leiden algorithm improves upon Louvain through three steps: fast local
movement, partition refinement, and network aggregation based on refined par-
titions. This ensures community quality while enhancing efficiency [25].

Finally, we input the 10 networks and community partition data into Cytoscape
[27] to calculate network characteristics and visualize results.

3.3 Evolution Event Definition and Path Construction

After identifying communities, we extracted evolution paths and trees and rec-
ognized evolution events. Figure 2 [Figure 2: see original paper] illustrates
a possible evolution scenario, where “au” represents community members and
arrows indicate member joining or leaving.
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We define Cn as the set of all communities in time window n:
c,={Cn,1),C(n,2),..,C(n,m)}, T=n (1)
where T=n denotes time window n and C(n,m) represents a specific community.

An evolution path P is a sequence of communities across adjacent time windows
with common members, showing member flow from formation to dissolution:

P, =[C(n,y),...,C(m—1,7),C(m,j)], n<m—1<m (2)

x

where the intersection of C(m-1,i) and C(m,j) is non-empty.

An evolution tree comprises evolution paths sharing the same formative com-
munity:

Tree = { Py, ..., P;} (3)

For example, in Figure 2, the set {[C(2,3),C(3,4),C(4,3)], [C(2,3),C(3,4),C(4,4)]}
shares formative community C(2,3), constituting an evolution tree.

Community evolution events represent significant changes during temporal de-
velopment [28]. While previous studies typically categorized events into seven
types (form, grow, split, merge, shrink, dissolve, continue), they overlooked
partial evolution phenomena where communities form from subsets of multiple
communities (e.g., C(3,4) in Figure 2 formed from subsets of C(2,3) and C(2,2)).
Therefore, we adopt K. Mohammadmosaferi et al’s 12 evolution events [23] (Ta-
ble 1) and propose a common-member-based algorithm for event identification.
All communities at t=0 are considered formative.

3.4 Community Evolution Characteristic Analysis

We analyze evolution characteristics from three perspectives: overall community
evolution, evolution paths and tree features, and statistical characteristics of
evolution events. For overall analysis, we visualize co-authorship networks using
Cytoscape and calculate basic statistics (publications, community count, nodes,
edges, average clustering coefficient) to understand structural changes.

For evolution path analysis, we synthesize event frequency, path count, and
start times to explore temporal evolution relationships. To identify evolution
patterns, we compare key metrics across evolution trees: member count, average
community size, average publication output, and event frequencies.

For evolution feature exploration, we conduct cross-analysis of events with com-
munity size and publication output to uncover deeper characteristics, perform-
ing significance tests and correlation analysis.

4 Results Analysis

4.1 Overall Analysis of LIS Research Communities

Overall analysis reveals temporal evolution trends. Figure 3 [Figure 3: see orig-
inal paper] shows co-authorship networks for 2000-2001, 2008-2009, and 2018-
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2019, with node colors representing communities. The networks remain discon-
nected, containing numerous independent small communities. The largest con-
nected component shows clear community structures of varying scales based on
collaboration intensity. Temporally, networks become denser, with the largest
component expanding, reflecting vigorous development and strengthening inter-
community connections.

Figure 4 [Figure 4: see original paper| displays a local network for 2008-2009,
where node labels indicate community IDs. Community 5-61 exemplifies a ma-
ture community with 55 nodes and 82 edges, demonstrating dense internal con-
nections and validating Leiden’s superiority.

Table 2 presents basic network statistics. Publication volume grows annually,
indicating deepening research. Increasing node and edge counts reflect expand-
ing network scale. The rising average clustering coefficient (from 0.146 to 0.400)
shows intensifying collaboration and stabilized “small group” phenomena.

Community-level statistics show co-evolution with the overall network. The
proportion of publications within communities rose from 60.1% to 79.3%, and
edge proportion from 73.5% to 94.6%, indicating strengthening collaborative
intensity and productivity.

4.2 Evolution Path Analysis in LIS

Evolution paths reveal temporal relationships. We constructed 5,796 evolution
paths in LIS. Path length and starting distribution (Figure 5 [Figure 5: see
original paper]|) show 59.2% of paths exceed length 8, demonstrating strong
continuity.

Based on our event definitions, we identified evolution events across time win-
dows (Figure 6 [Figure 6: see original paper]). Events like partial merge & grow,
split & grow, and partial survive & grow increased over time, reflecting growing
complexity and enhanced cooperation. High frequencies of form and dissolve
events indicate continuous community entry and exit. Overall, growth-type
events dominate, showing dynamic, vigorous development.

To identify evolution patterns, we classified trees with >10 communities as large
(37 trees, 1,363 communities) and others as small (1,543 trees, 3,003 communi-
ties). Figures 7 [Figure T7: see original paper] and 8 [Figure 8: see original
paper] compare their characteristics (form and dissolve excluded due to commu-
nity count effects).

Large trees (2.34% of total) show higher average community size and publication
output. Their evolution pattern centers on “partial merge & grow” (45.2%)
and “split & grow” (30.5%), indicating intensive inter-community exchange and
continuous new member integration, boosting research output.

Small trees, though numerous, have lower average size and output, consisting
mainly of small communities. Their pattern features “partial merge & grow”
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and “partial survive & grow,” with higher continue and shrink rates, indicating
weaker inter-community collaboration.

We visualized evolution paths using Sankey diagrams (Figures 9 [Figure 9: see
original paper| and 10 [Figure 10: see original paper]). Node length represents
member count; branch width shows member flow to next-stage communities.

The large community tree (Figure 9) involves 197 communities and 352 paths
(average length: 6.23), showing strong continuity. Events center on “partial
merge & grow” and “split & grow,” with dense member exchange and expanding
scale.

The small community tree (Figure 10) involves fewer communities (average path
length: 2.67), showing weaker continuity and higher member exit rates. Events
are split-dominated with lower collaboration intensity.

4.3 Evolution Event Characteristics in LIS

Evolution event detection is vital for understanding dynamic patterns. We
conducted multi-factor ANOVA on time windows, community size, publication
count, and events, plus correlation analysis between size and publications (Ta-
bles 3 and 4 ).

Table 3 shows significant differences across time windows and event types
(p<0.05). Table 4 reveals a weak positive correlation (r=0.633) between member
count and publications, indicating size is not the sole output determinant.

Figures 11 [Figure 11: see original paper] and 12 [Figure 12: see original paper]
present heatmaps of average community size and publication output by event
type and time window.

Form and dissolve events involve small communities (average size: 3-4 mem-
bers), occurring primarily in small groups. Growth-type events show larger
average sizes, especially partial merge & grow events, which are largest and in-
creasing over time. This suggests researchers actively recruit new members and
strengthen inter-community cooperation when facing complex problems. Strict
merge and partial merge events involve smaller communities, indicating these
occur mainly among small groups. Split and shrink events also show small sizes
due to member exits.

Publication output is higher for growth-type events, particularly partial merge
& grow, which consistently ranks highest, demonstrating strong research ca-
pacity. Form and dissolve events also show notable output, likely due to high
frequency. Merge, split, and continue events show lower but rising output over
time, indicating improving research levels.

5 Conclusions and Discussion

This study proposes a method to explore research community evolution charac-
teristics, using LIS literature (2000-2019) as data. We partitioned communities
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using the Leiden algorithm, analyzed network features temporally, extracted
evolution paths, identified events, and summarized evolution patterns. The
research enriches community evolution theory and reveals LIS community evo-
lution patterns, aiding discovery, formation, and management.

Limitations include: (1) not considering non-continuous publication periods for
researchers, and (2) not integrating topical features into evolution analysis. Fu-
ture work will explore co-evolution of topics and communities for more compre-
hensive insights.
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Abstract: [Purpose/significance] Scientific research communities are important
knowledge groups in contemporary science. Studying their evolution characteris-
tics is significant for exploring field development laws and promoting knowledge
innovation. [Method/process] Taking Library and Information Science as an
example, this paper uses the Leiden algorithm to detect communities and con-
struct evolution paths and trees. It identifies 12 evolution events and reveals
evolution modes and characteristics through overall analysis, path/tree analy-
sis, and event statistics. [Result/conclusion] Results show vigorous community
scale development and two evolution modes. Growth events occur mostly in
large, high-output communities, while formation and dissolution occur in small
but relatively high-output communities. Merge, partial merge, split, and shrink
events involve small communities with low output, proving increasingly frequent
inter-community cooperation and growing evolution complexity.
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