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Abstract
[Purpose/Significance] [JP+1] Team collaboration has become a crucial organi-
zational form for knowledge innovation in contemporary times. Investigating
the dynamic evolution patterns of research teams from a dynamic network per-
spective holds significant importance for facilitating the discovery, formation,
and management of research teams. [Method/Process] Taking the field of artifi-
cial intelligence as a case study, this research employs the Louvain community
detection algorithm to identify research teams within the artificial intelligence
domain. By calculating the extreme value distributions of four topological indi-
cators in team collaboration networks—specifically, the number of nodes, num-
ber of edges, network density, and average clustering coefficient—we examine
the characteristics and patterns of high-productivity team evolution from both
micro and macro perspectives, aiming to reveal the intrinsic drivers underlying
research team evolution. [Results/Conclusion] From a micro perspective, the ex-
treme value distributions of co-authorship network topological indicators unveil
the dynamic attributes of high-productivity team evolution in the artificial in-
telligence field; from a macro perspective, high-productivity teams demonstrate
evolutionary commonalities in network density and average clustering coefficient,
with most teams catalyzing the generation of new collaborative relationships
throughout their evolution. When examining team evolutionary pathways, the
phenomenon of “small group”collaboration in each period proves prominent
within high-productivity teams in the artificial intelligence domain, and coop-
eration among these“small groups”directly influences the overall trajectory of
the team.
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Abstract: [Purpose/Significance] Team collaboration has become an important
organizational form for knowledge innovation today. Exploring the dynamic evo-
lution patterns of research teams from a dynamic network perspective is of great
significance for promoting the discovery, formation, and management of scien-
tific research teams. [Method/Process] Taking the field of artificial intelligence
as an example, this paper employs the Louvain community discovery algorithm
to identify research teams in the AI domain. By calculating the extreme value
distributions of four topological indicators—node count, edge count, network
density, and average clustering coefficient—in team collaboration networks, it
examines the evolutionary characteristics and patterns of high-yield teams from
both micro and macro perspectives, aiming to reveal the intrinsic motivations
behind team evolution. [Result/Conclusion] From a micro perspective, the ex-
treme value distributions of co-authorship network topological indicators reveal
the dynamic attributes of high-yield team evolution in the AI field. From a
macro perspective, high-yield teams exhibit evolutionary commonalities in net-
work density and average clustering coefficient, with most teams fostering an in-
creasing number of new collaborative relationships during evolution. Combined
with team evolution paths, the phenomenon of “small group”collaboration is
prominent across periods in AI high-yield teams, and cooperation between these
small groups directly affects the overall team’s trajectory.

Keywords: artificial intelligence; research team; extreme value distribution;
dynamic evolution; topological structure

The increasing interdisciplinary nature and complexity of scientific research
problems are driving research teams to bring together more experts from differ-
ent fields to conduct collaborative research [1]. Notably, this team-based collab-
oration has been an intrinsic attribute of scientific activities since the birth of
science, and research over recent decades indicates that it remains one of the
important characteristics of scientific research today [2-3]. Moreover, research
teams make significant contributions to promoting scientific discoveries and out-
put [4]. For instance, stable teams are more likely to bring their members more
JCR (Journal Citation Reports) journal publications [5] and have opportuni-
ties to undertake more research projects and apply for more patents [6]. By
exploring and analyzing research teams from fields such as computer science,
sociology, physics, and biology from different perspectives [8], researchers have
even formed a specific research field called “Science of Team Science,”which

chinarxiv.org/items/chinaxiv-202304.00074 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00074


focuses on the organization, communication, and research processes of scientific
teams [9].

Early research primarily adopted a static network perspective, treating teams
in a certain time period or at a certain moment as constant, static structural
entities [10-11]. However, in reality, such interaction networks are constantly
changing over time [12-13]. Team members and their relationships are dynami-
cally evolving. For example, after new members join a team, they will evaluate
whether the team can achieve their individual-level goals, while the team will
assess whether the member can enhance the team’s overall value. The degree
of matching between these two factors will determine whether the member can
maintain a stable relationship with the team [14]. When the research object
is limited to research teams, their evolution will be influenced by more factors.
For example, many research teams are formed temporarily to apply for or com-
plete specific projects [15], and scientific collaboration is also affected by factors
such as the geographical distance between scholars and their scientific visibility,
prominence, and recognition [16]. Therefore, researchers no longer only analyze
the static network properties of teams but go further to analyze team evolution
and attempt to reveal the factors affecting evolution [17].

Existing research mainly focuses on: � Identifying events to characterize and dis-
cover evolutionary states [21], such as Y. Wang et al. [22] defining four events—
birth, split, merge, and death—to explore the dynamic evolution characteristics
of communities from the perspectives of network scale and network members;
G. Palla et al. [24] identifying events such as born, grow, split, merge, contract,
and disappear, analyzing their correlation with community age and scale from
a stationarity perspective. These methods can better handle unstable changing
communities. � Characterizing and reflecting the overall evolution through topo-
logical structure changes [19], such as A.L. Barabási et al. [20] calculating the
evolution of co-authorship network topological indicators within sliding time
windows, pointing out that during evolution, authors tend to choose scholars
with more co-authors for collaboration; Guo Shiyue et al. [27] analyzing the evo-
lution of teams in terms of topological indicators such as scale, network density,
and average distance. � Combining semantic information such as themes to ana-
lyze evolution through topic correlation, with F. Osborne et al. [25] pointing out
that attention should be paid to the evolution of relationships between authors
and research topics over time; L. Backstrom et al. [28] proposing to explore
whether team evolution is “topic-driven”(Topics follow people) or “people-
driven”(People follow topics). � Treating research communities as teams for
evolution analysis through conceptual extension [16, 26] to uncover changes in
network structural properties [18], evolutionary characteristics [12], and the in-
ternal driving forces of dynamic changes [7].

Currently, methods applied to team evolution analysis mainly fall into two cate-
gories (foreign studies often use the concept of“community”to refer to various
entities including“teams”): The first is to first divide the dataset into multiple
time slices, identify communities in each slice, and then compare the similarity
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between communities in different slices to obtain community evolution paths.
The second is evolutionary community discovery methods, which mine the evo-
lution of the next stage based on community identification results from the
previous time slice combined with relevant attributes of nodes and edges [21].
No research has confirmed which method is more effective. In terms of applica-
bility, the first method can better handle unstable changing communities.

In summary, in-depth exploration of the evolutionary characteristics and pat-
terns of research teams and the development of effective and feasible analytical
methods is not only of important academic value but also of practical signif-
icance for supporting policy formulation. In existing research, analysis from
a network topology perspective is relatively singular, mainly focusing on all
identified teams and analyzing the overall co-authorship network’s topological
indicator changes over time from a holistic perspective. Although this approach
can reveal the evolution of some teams, different teams make different contribu-
tions to field development, making the“partial teams”unable to reflect targeted
development of different teams. Meanwhile, increasing research shows that re-
search teams have high instability during evolution [22-23]. Therefore, this
paper takes high-yield research teams in the artificial intelligence field as the
research object, combines team evolution paths from micro and macro dual per-
spectives, and analyzes the evolution of high-yield team topological structures
by calculating the extreme value distributions of node count, edge count, net-
work density, and average clustering coefficient topological indicators in team
collaboration networks, aiming to explain the formation and internal evolution
reasons of high-yield teams to a certain extent and promote the development of
academic research and practical applications.

2 Research Design and Team Selection
Based on the research purpose and the above review, starting from data analysis,
this study follows the research design shown in Figure 1 [Figure 1: see original
paper].

First, in the data collection and cleaning stage, this paper selects the Web
of Science Core Collection as the data source, with the search formula WC =
“Computer Science, Artificial Intelligence”, time limited to 2009-2018, retrieving
a total of 421,148 records in January 2019. The author name disambiguation
problem seriously affects the construction of the co-authorship network, and the
quality of the co-authorship network directly determines the accuracy of team
identification results. Therefore, we first complete the name disambiguation
work by combining co-author and author institution information, then import
the cleaned data into a MySQL database.

Then, we proceed to the research team identification and selection stage. After
constructing the overall author co-authorship network, we select the Louvain
community detection algorithm to identify research teams in the AI field. This
step identifies 23,423 research teams, involving 656,668 authors. Publication
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volume has always been used as a traditional bibliometric indicator, but re-
search on the dynamic evolution of high-publishing teams is still relatively rare.
This paper defines the top 100 teams in terms of publication volume as pro-
lific research teams and uses these teams as the research object for subsequent
analysis.

Finally, we conduct topological measurement and evolution analysis. After ob-
taining the teams to be analyzed, we match the article sets published by team
members, deduplicate the articles, and divide them into 10 time intervals ac-
cording to publication year (2009-2018). In each interval, we obtain all authors
corresponding to the articles and then construct the co-authorship network of a
specific team within that interval. These networks are connected in series over
time to form the team’s evolution path. For each co-authorship network within
a time interval, we calculate four topological indicators: node count, edge count,
network density, and network average clustering coefficient. The measurement
of team topological structure is to understand the structural characteristics of
research teams from a network analysis perspective, and analyzing the topologi-
cal structure of co-authorship networks in each time slice will reveal the changes
in network structure during team evolution. At the same time, it can also un-
cover the commonalities and particularities exhibited by prolific research teams
during evolution to deepen understanding of team dynamic evolution. Based on
this, this paper combines micro and macro perspectives to analyze the dynamic
evolution of research teams. From a micro perspective, this paper explores the
year distribution of extreme values of selected topological indicators. Among
them, the extreme value distributions of point and edge counts directly reflect
fluctuations in members and member relationships (co-authorship relationships),
while network density and average clustering coefficient reflect the closeness of
cooperation among members during team evolution, and their extreme value
distributions can reflect fluctuations within high-yield teams to a certain extent.
From a macro perspective, this paper analyzes the overall evolution of topologi-
cal indicators over the ten-year span. Among them, changes in node count reflect
changes in team size, changes in edge count reflect changes in team members’
co-authorship relationships, evolution of network density represents the overall
closeness of team cooperation, and changes in average clustering coefficient more
specifically reflect the evolution of “small group”collaboration phenomena.

3 Microscopic Perspective Analysis of Prolific Research
Team Topological Structure Evolution
3.1 Extreme Value Distribution of Node and Edge Counts

The year distribution of topological indicator extremes can intuitively reveal the
fluctuation of corresponding indicators, and the underlying reasons for such fluc-
tuations are the concrete manifestations of team evolution. Figures 2 [Figure
2: see original paper] and 3 [Figure 3: see original paper] show the distribu-
tion of node and edge count extremes during the evolution of selected teams,
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respectively. The two figures reflect a high degree of consistency: for most AI
field teams, the minimum values of node and edge counts are distributed in the
first five years and the final year, while maximum values are distributed in the
middle and later stages of the research interval (2012-2017). This distribution
indicates that in the initial years, teams had relatively few nodes and edges,
but as time progressed, teams exhibited different evolutionary behaviors—some
teams reached their maximum in the middle stage, indicating that node and
edge counts would decrease in later stages; other teams reached their maximum
in the later stage, meaning node and edge counts either continued to increase
or fluctuated with increases and decreases.

Table 1 provides more specific numerical details. In 2010, 33 prolific teams
reached minimum values for both node and edge counts, with 29 teams simul-
taneously reaching minimum values for both indicators in that year. It can be
seen that after filtering, the identified prolific teams show highly synchronized
extreme value distributions for nodes and edges. Combined with Figures 2 and
3, the minimum values are mainly distributed in 2009-2012 and 2018. Further-
more, Table 2 lists example teams from these years (showing the top 2 teams by
publication volume each year). Teams with node minimum values in 2009 rank
as high as 5th, while those in 2018 rank as high as 17th. It can be found that
whether from the perspective of average ranking, highest ranking, or average
publication volume, these teams do not show significant differences.

From the perspective of evolution cycles, different teams are at different “life
stages,”causing different distributions of topological indicators among teams.
Among them, teams reaching minimum node and edge values in 2018 are expe-
riencing a reduction in member count and weakening co-authorship intensity,
which at the team level corresponds to team “decline.”Figure 4 [Figure 4: see
original paper] shows the evolution process of representative teams. The evolu-
tion characteristics of these teams are that small-group collaboration phenomena
are quite obvious, with tightly connected“small groups”visible across multiple
evolution windows. Ultimately, the balancing effect between “small groups”
fails to converge the overall team, leading to the“decline”of the entire team in
later stages. Correspondingly, another evolution pattern is represented by team
#207, led by Jiao Licheng from Xidian University. The leader appears in all 10
time windows, and co-authorship networks centered on him can be seen in the
early, middle, and late stages of evolution. Although small-group collaboration
phenomena also exist, there are stable connections between“small groups”and
the overall team, ultimately leading“small groups”and the overall team toward
integration.

3.2 Extreme Value Distribution of Network Density and Average
Clustering Coefficient

Contrary to the distribution of node and edge extremes, the minimum values
of network density during team evolution are concentrated in the middle and
later stages of the research interval (2014-2017), while maximum values are
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mainly distributed in the first five years and the final year. Combined with
the distributions in Figures 2 and 3, some teams had fewer members in the
initial years but more internal co-authorships, thus showing maximum network
density concentrated in the early years, as shown in Figure 6 [Figure 6: see
original paper]. Figure 7 [Figure 7: see original paper] shows the distribution
of teams’average clustering coefficients, with maximum and minimum values
distributed more evenly than the previous three indicators but mainly in the
first five years. Most minimum values of average clustering coefficient fall be-
tween 0.4-0.85, while maximum values mainly fall between 0.8-1.0, reflecting
that teams generally have high clustering degrees. Meanwhile, the uniform dis-
tribution of average clustering coefficient also reflects the existence of many
small-group collaboration phenomena.

From a social network theory perspective, network density reflects the closeness
of collaborative relationships within research teams. For teams in close collabo-
rative relationships, later cooperative relationships tend to stabilize (as shown
in the left side of Figure 6 [Figure 6: see original paper]). At this time, adding
one member to the team may only establish a few cooperative relationships
in practice, but the potential cooperative relationships increase tenfold, mak-
ing the team’s network density more likely to reach minimum values in later
stages. For the network average clustering coefficient, the “triad”small-group
collaboration phenomenon is the most intuitive reflection. When cooperative
relationships develop to a certain extent, there are more“closed triads,”causing
some teams’network average clustering coefficient to reach maximum values in
later stages. The high publication volume of prolific teams means that the team
itself has some relatively stable cooperative relationships during development,
so some teams also reach maximum network average clustering coefficient in the
middle and early stages (as shown in the right side of Figure 7 [Figure 7: see
original paper]).

Similarly, using teams shown in Figures 4 and 5 as examples: Team #736 shown
in Figure 4 reached its maximum network density in 2018 and minimum in 2017.
In 2018, the team’s node count decreased sharply, leading to increased network
density; while in 2017, the network node count was at a medium level and
edge count at a relatively low level, reflecting lower cooperation among team
members. For network average clustering coefficient, it reached minimum and
maximum values in 2013 and 2018, respectively. Observing its evolution path
diagram explains this extreme distribution—the proportion of “closed triads”
in the team was relatively low in 2013, while in 2018, almost all points were
in “closed triads.”Team #207 shown in Figure 5 reached minimum and maxi-
mum network density values in 2010 and 2014, respectively. From the evolution
diagram, the team showed a radial pattern centered on Jiao Licheng in 2010,
but the radiating points were not closely connected, resulting in minimum net-
work density. In 2014, the network presented a radial network centered on Jiao
Licheng, Gong Maoguo, and Ma Wenping, with more edges connecting points
at the radiation edges, bringing the maximum network density. For network
average clustering coefficient, its minimum and maximum values were achieved
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in 2012 and 2011, respectively, at 0.8197 and 0.9222. Due to the consistently
close internal cooperation within the team, the proportion of“closed triads”re-
mained stable at a high level, making the clustering degree of the co-authorship
network high during evolution.

4 Macroscopic Perspective Analysis of Prolific Research
Team Topological Structure Evolution
4.1 Overall Evolution of Node and Edge Counts

Based on each team’s evolution across the four indicators, we attempt to mine
the evolutionary commonalities of these prolific teams on certain indicators to
help explain team dynamic evolution. Specifically, by measuring the topological
indicators of teams in each time window, we can plot the changes of each indi-
cator over time. Figure 8 [Figure 8: see original paper] shows the evolution of
edge counts for all prolific teams over time. From the evolution shown, various
teams do not exhibit obvious common characteristics, but it can be known that
the edge counts of most teams show an increasing trend, reflecting that new
cooperative relationships gradually increase during evolution. The evolution of
node counts is similar, but due to space limitations, we will not discuss node
count evolution further here.

4.2 Overall Evolution of Network Density and Average Clustering
Coefficient

Notably, there are two obvious evolution types in the changes of average cluster-
ing coefficient and network density during team evolution, with Figure 9 [Figure
9: see original paper] showing examples of five teams. The two evolution types
are specifically manifested as: Type I teams maintain a medium-to-high level
of average clustering coefficient with stability, with teams numbered 1064, 205,
and 203 in Figure 8 all belonging to this type; Type II teams have a low av-
erage clustering coefficient for 1-2 years, consistent with the first type for the
remaining time, such as teams 342 and 1363 in Figure 9. Additionally, network
density and average clustering coefficient basically show opposite trends during
evolution: the density of most teams remains stable at a low level, with very few
teams fluctuating to medium-high levels for 1-2 years. Moreover, the changes
of these two indicators can maintain a high degree of synchronization—when
network density fluctuates, the average clustering coefficient will fluctuate in
the opposite direction within 1-2 years, and vice versa. Furthermore, the timing
of fluctuations in these two indicators is basically distributed in the first five
years, corresponding to the distribution of extreme values of team node and
edge counts in the previous section.

Figures 10 [Figure 10: see original paper] and 11 [Figure 11: see original paper]
select teams 205 and 342 as examples to illustrate these two types of evolution
processes. Team 205 shows obvious “small group”collaboration phenomena
across all 10 time windows, but cooperation between these “small groups”was
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not close in the first five years. After 2014, we can see that“small groups”began
to develop close cooperative relationships. Moreover, 2014 corresponds exactly
to the year when network density fluctuated for team 205 in Figure 9. The
evolution process of team 342 reveals the growth process of this team: node and
edge counts both grew slowly in the first five years, after which relatively stable
internal cooperative relationships were formed, and these relationships were
continuously consolidated, further developing“small group”phenomena until the
last two years when various groups established more cooperative relationships.

5 Discussion and Conclusion
Through the above analysis, we first find that microscopic perspective analy-
sis very intuitively reflects the dynamic attributes of the evolution of prolific
research teams in the AI field. The extreme value distributions of node count,
edge count, network density, and network average clustering coefficient in teams
vary. Specifically, the minimum values of node and edge counts are distributed
in the first five years and the final year (2009-2014 and 2018), the maximum
values of node count are concentrated in 2015-2017, while the maximum values
of edge count are evenly distributed in 2013-2017; the minimum values of net-
work density are concentrated in 2014-2017, with maximum values distributed
in 2009-2014 and 2018; the minimum values of average clustering coefficient
are concentrated in 2009-2014, while maximum values are distributed across
all years. Comparison shows that the minimum values of node count, edge
count, and average clustering coefficient of prolific teams in this field are basi-
cally distributed in the same time period (2009-2014), which happens to be the
distribution interval of maximum network density values.

Second, the macroscopic perspective analysis of the overall evolution of team
topological indicators corroborates the microscopic analysis: the evolution of
node and edge counts of AI field prolific research teams shows an increasing
trend, with some teams decomposing in later stages, corresponding to a subse-
quent decrease in node and edge counts; the evolution of team network density
and average clustering coefficient presents two patterns—one where both indi-
cators remain at relatively stable levels, and another where when one indicator
fluctuates, the other changes in the opposite direction in the following two years.
Combining both analytical perspectives and team evolution paths, most AI field
prolific research teams can continuously foster more new cooperative relation-
ships—the average clustering coefficient indicator reveals that this cooperation
shows very obvious “small group”collaboration phenomena, and cooperative
relationships between “small groups”also tend to stabilize. Although these
phenomena and their evolution require further in-depth explanation by domain
experts combined with the characteristics of the AI field, preliminary results sug-
gest that the domain characteristics of AI lead to two aspects of evolutionary
behavior in prolific teams: first, the field is based on mathematics and com-
puter theory and technology, solving interdisciplinary comprehensive problems,
which greatly promotes the emergence of cooperative behavior. When a team
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can grow into a prolific team, the “small groups”within the team are either
closely connected with the team leader, or“small groups”gradually move toward
union; second, related technologies have considerable“circulation”between sub-
fields. For example, feature extraction technology is applied in both computer
vision tasks and natural language processing tasks, making“small groups”study-
ing computer vision highly likely to establish connections with “small groups”
studying natural language processing.

In summary, the main conclusions of this paper can be refined as follows: (1) Mi-
croscopic analysis reveals that the extreme value distribution of co-authorship
network topological indicators reveals the dynamic attributes of prolific team
evolution in the AI field. The extreme value distributions of node and edge
counts in co-authorship networks of prolific teams are highly correlated, and
this correlation distribution corroborates with the extreme value distributions
of network density and network average clustering coefficient. The extreme
value distributions of various indicators reveal that even the members and in-
ternal relationships of prolific teams are in considerable flux. (2) Macroscopic
analysis shows that AI field prolific research teams exhibit certain commonalities
in the evolution of network density and network average clustering coefficient,
and most prolific research teams can continuously foster more new cooperative
relationships—new cooperative relationships (new cooperation between existing
members or cooperation brought by new members), which means that most
teams can maintain some stable topological structures in the dynamic evolution
of member count and member relationships. (3) Whether analyzed from micro-
scopic or macroscopic perspectives, in-depth observation and analysis of team
evolution paths can reveal significant“small group”collaboration phenomena in
the evolution of AI field prolific research teams. Moreover, cooperative relation-
ships between “small groups”directly affect the future direction of the overall
team. When cooperation between“small groups”becomes closer, both the over-
all team’s network density and average clustering coefficient will increase; when
“small groups”neglect cooperation, the entire team may even move toward a“de-
cline”stage, with both member count and cooperative relationships weakening.
(4) In addition to showing certain common patterns, AI field prolific research
teams still exhibit considerable differences in evolutionary behavior among dif-
ferent teams, such as the specificity of node and edge count increase/decrease
patterns, with different teams showing different change patterns.

Regarding future research prospects, we plan to proceed from two aspects: first,
the evolutionary commonalities identified in this study need further investiga-
tion. For example, the increasing trend of edge and node counts needs to clarify
whether the increase in edge count comes from cooperation between“new mem-
bers”and“old members”or between“old members”themselves. Additionally, we
can try to introduce new analytical perspectives or increase the number of pro-
lific teams to further explore evolutionary commonalities. Second, the selected
research objects are specifically targeted prolific research teams, and we can
further analyze the performance of research teams selected by other indicators
(such as highly-cited teams) to explore the generalizability of related operations
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and conclusions.
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