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ABSTRACT

Identifying suitable collaborators has become an important challenge in research management, where
insights into the structure and evolution of scholar collaboration networks are essential. However, existing
studies often adopt static or locally dynamic views, limiting their ability to capture long-term network
evolution. To address these issues, this paper introduces PENM (Parametric Evolutionary Network Model), a
simulation framework designed to model the evolution of scholar collaboration networks through parametric
mechanisms. The PENM simulates node and edge evolution through probabilistic rules and tunable
parameters, reflecting realistic academic behaviors like cumulative collaboration and co-author expansion.
We provide a theoretical analysis of the model’s growth patterns under varying parameters and verify these
findings through simulation. Evaluations on real-world datasets demonstrate that PENM evolves networks
with degree distributions closely aligned with actual scholar networks. PENM offers a versatile simulation-
based approach for modeling academic collaboration dynamics, enabling applications and simulation of
future academic ecosystems.

1 INTRODUCTION

In modern scientific research, the ability to identify and recommend appropriate collaborators is becoming
increasingly critical, particularly in the context of high-impact projects. Central to this process is the scholar
collaboration network, which simulates a dynamic structure of academic cooperation. Despite extensive
research on scholar collaboration networks, most studies rely on static representations, limiting simulations
to local dynamics. Consequently, the broader evolutionary nature of academic interactions has received
limited attention.

To address this gap, we propose the Parametric Evolutionary Network Model, which simulates scholar
collaboration as a dynamic process driven by time-dependent interaction rules. Unlike traditional models,
PENM leverages simulation to model the evolutionary growth and transformation of collaboration networks.
This approach not only reflects the real-world dynamics of academic partnerships but also provides predictive
capability for future network structures.

Our contributions are twofold. First, we develop a time-stepped, simulation-based model to generate
evolving collaboration networks within a finite time horizon. Second, we validate the model through
simulation-driven analysis and real-world collaboration datasets. The results demonstrate that PENM can
evolve networks whose degree distributions closely match those of actual scholar collaboration networks, thus
supporting its applicability in practical contexts such as network forecasting and academic recommendation.

The remainder of this paper is structured as follows. Section 2 reviews related work. Section 3 presents
the formulation of the PENM model, followed by theoretical analysis and simulation experiments. Section
4 describes validation on real-world datasets, and Section 5 concludes the paper.
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2 RELATED WORK

Understanding the evolution of scholar collaboration networks is a long-standing problem at the intersection
of social network analysis and generative modeling. There are some research on empirical analyses of
scholar collaboration networks. Early studies primarily focused on characterizing the structural properties of
co-authorship networks. Franceschet (2011) analyzed large-scale computer science collaboration networks
and reported properties such as small-world structure and clustering. Kong, Shi, Wang, Ma, Wan, and Xia
(2019) explored the evolution of elite research collaborations over decades, highlighting long-term trends
and densification patterns. More recent studies, such as Xiao and Prompanyo (2023) and Chuang and
Chen (2022), investigated how local collaboration structures relate to academic influence and international
cooperation. While these studies provide valuable descriptive insights, they typically adopt static or cross-
sectional network observations of networks. As a result, they fall short of modeling how collaboration
networks dynamically evolve over time.

With the rise of machine learning, predictive models for collaborator recommendation have gained
prominence. Embedding-based approaches like ACNE and Scholar2vec (Wang et al. 2020) integrate node
attributes and collaboration histories to support relationship mining. Reinforcement learning and topic-aware
embeddings have also been used (Zhang et al. 2017; Kong et al. 2018) to recommend collaborators based
on evolving research interests. Despite their predictive power, these models primarily aim at individual-level
recommendations and often operate as black boxes. They lack the global, interpretable structure modeling
needed to understand macro-level network dynamics, which is a central focus of our PENM framework.

In parallel, modeling how networks grow and evolve is a well-studied topic in complex systems. The
Barabdsi-Albert model (Barabési and Albert 1999) introduced preferential attachment to explain scale-free
networks, inspiring many follow-ups. For example, Zhao, Lai, Park, and Ye (2005) and Simas and Rocha
(2008) extended such models to handle finite-size effects and stochastic processes. Others incorporated
small-world or community structures (Pasta et al. 2013; Gyarmati and Trinh 2010), or focused on improving
generative efficiency (Hadian et al. 2016). More recently, domain-specific extensions have emerged, such
as ECNA for epidemiological contact networks (Eden et al. 2021) and evolutionary level design in games
(Ruela and Delgado 2018). However, these models often lack mechanisms tailored to academic collaboration
dynamics, such as cumulative co-authorship or triadic closure tendencies.

While existing studies have enriched our understanding of academic collaboration networks through
empirical analysis, collaborator recommendation, and generative modeling, there remains a gap in inter-
pretable models that explicitly simulate the dynamic evolution of such networks. Descriptive analyses
often lack simulation-based predictive power, recommendation models prioritize individual-level accuracy
over global network simulation, and general-purpose generative models rarely simulate the behavioral
mechanisms specific to scholarly collaboration. To address these limitations, we introduce the Parametric
Evolutionary Network Model, a simulation-driven framework that captures node and edge dynamics via
probabilistic, parameter-tuned rules. PENM simulates realistic features like cumulative co-authorship and
triadic closure, and its adaptable structure enables alignment with observed network properties, making it
a robust tool for simulating and forecasting academic collaboration network evolution.

3 PARAMETRIC EVOLUTIONARY NETWORK MODEL

In our study, we represent scholars as nodes and model their collaborations as edges between these nodes.
Scholars with longer tenures in a research field tend to form more collaborations. Moreover, they often
establish connections not only with new researchers but also with collaborators of their existing co-authors,
forming triadic closures. Our model PENM aims to simulate the temporal growth and structural dynamics
of scholar collaboration networks. Table 1 summarizes all notations used in the PENM model, including
variables and parameters that govern the network’s evolution.

The model begins with an initial network at # = 0. From 7 = 1, the network evolves by iterating through
each existing node. At each time step, node i € V(r — 1) undergoes two probabilistic processes:
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Table 1: All of the notations in the model.

Variables
t The term t is a time step. It does not represent a real time interval,
but rather indicates a time unit in the process of network evolution.
bnax The upper bound of time step. Set as 50 in this paper.

(i) The first time node i added to the network at time 7.
G(t) The growth network at time ¢. G(r) = (V (¢),E(¢)).
V(t) The node set of growth network at time ¢.
Vi(r(i)) The i-th node in V(7), first added at time 7(i).
N(t) The total number of nodes in the network at time 7.
Nonax The upper bound for number of nodes.
Zi(t) The number of new nodes added to node i at time ¢.
E(t) The edge set of growth network at time 7.
M(t) The total number of edges in the network at time ¢.
Yl.(t) The number of existed nodes added to node i.
neb(i) The neighbor of node i in the growth network.
dl.(l) The degree of node i in the growth network at time .
d,(,fz,x The maximum degree in the growth network at time z.
dﬂ(fv)g The average degree in the growth network at time .
Parameters
p The probability governs the overall balance between node growth and edge formation.
degree_threshold The minimum degree condition for nodes to initiate connections with existing nodes.
a The coefficient controls the rate at which a node attracts new nodes.
B The coefficient affects the likelihood of forming new edges with 2 step neighbors.
ki(t) A Poisson parameter. Zi(t) obeys Poisson distribution with parameter li(t).
,LLl.(]t.) The probability that node i connects to a neighbor of its j-th neighbor at time .

* Node growth (with probability p): Node i connects to a set of newly introduced nodes. The

number of such connections follows a Poisson distribution with parameter Ai(t) =(1- @)a , where
7(i) is the time node i first appeared. This reflects the intuition that nodes with longer tenure in
the network attract more newcomers.

* Edge growth (with probability 1 — p): Node i forms new edges with nodes that are two steps

away — neighbors of their neighbors. The probability of connecting to a second-degree neighbor

(1=1) ,(t—1)
(t) _ d; ~d_v . . .. .
ij = W B. This mechanism encourages triadic closure, where high-degree

max

nodes are more likely to facilitate indirect connections.

j is given by: u

This generative process emulates the growth patterns commonly observed in academic collaboration
networks. The network starts with a single node representing an initial scholar. As time progresses,
new researchers enter the field and initiate collaborations—a process modeled through the node growth
mechanism. The Poisson distribution captures the stochastic nature of incoming collaborations. The

parameter )»l-(') is controlled by o, which determines how quickly a node increases with time steps.
The edge growth process captures indirect collaborations through existing connections, governed by the
parameter 3. Together, p, a, B and degree_threshold control the balance between exploratory (new
nodes) and consolidative (existing network) collaboration dynamics. The simulation algorithm of network

evolution and an example are illustrated in Figure 1.
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() (b)

Figure 1: (a) The simulation algorithm of Parametric Evolutionary Network Model. (b) An illustrative
example of network evolution over time. The black edges represent connections formed via the node
growth process, while the red edges represent those formed through edge growth. As time progresses, the
network expands by iteratively applying these two probabilistic processes, capturing both exploratory and
consolidative collaboration behaviors.

3.1 Node Growth Process Analysis and Simulation

In this section, we theoretically analyze the node growth mechanism in PENM and examine how parameters
influence the expansion of the network in terms of node counts. This analysis provides insight into how
the network scales over time and how different settings of model parameters affect growth dynamics.
The node growth process refers to the introduction of new nodes into the network. At each time step,
existing nodes may establish connections with new nodes, and the number of such connections follows
a Poisson distribution with parameter /'Li([) =(1- @)a. This formulation reflects the intuition that the
longer a node has been in the network, the more likely it is to attract new connections. To quantify the
effect of parameters on the growth trajectory, we analyze the expected increase in the number of nodes:

( ) i(N(i) = N(i— 1 Pa
E(N(t)—N(—1)) N(i 1
(N(5) =N(1 = 1)) = pat Z =pa Z . Z )
Then N(z) can be written as (from Appendix.A Lemma 1):
N =N (). 2Ly PO (R e )
er® = k! n

The theoretical result shows that the network size is mainly governed by pa. Different combinations
of p and o can lead to similar node growth patterns if pa remains constant. o validate this conclusion, we
perform iterative simulations, comparing simulated outcomes with theoretical predictions. We performed
100 iterations of the node growth process and computed the average of the outcomes for N(z), yielding
the simulated mean N(t). Concurrently, the calculated N(t) was derived using the formula presented in
Equation (2).

As shown in Figure 2, the simulation results align closely with the theoretical curve, confirming that
the growth rate of N(¢) is primarily determined by the value of pa. Increasing either p or a accelerates
the introduction of new nodes into the network. These simulation results confirm the model’s robustness
in simulating realistic node growth dynamics.
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(a) (b) (©)

(d) (e) ®

Figure 2: Comparison of theoretical number of nodes and simulated number of nodes over time under
different parameter values. Calculated N(z) is from (2), Simulated Mean N(¢) is averaged over 100
simulations.

3.2 Edge Growth Process Analysis and Simulation

This section explores the edge growth mechanism in PENM and examines how parameters influence the
total number of edges. Understanding edge growth is essential for capturing the structural evolution and
densification of collaboration networks. In PENM, the growth of edges occurs through two channels: (1)
Node-induced edges: When a node forms connections with new nodes, the number of added edges equals
the number of new collaborators. (2) Internal edge formation: Existing nodes can also form new edges with

other existing nodes—specifically, with neighbors of their current neighbors. The probability of connecting
to a two-step neighbor is defined by /.Li(;). Then the expectation of number of added edges is:

(t—1) " N(—1) 0
EM@B)-M@r—=1)=p Y A" +(1-p) Y Y u-
= e

i=1  jeneb(i)
1—1 _ N(t—1)
=PV NGy + (1(,_11)))/3 a V"
t i=1 (dmax )2 i=1 jeneb(i)
- (1—1)y3
pOCt : day
%tZN(l)-f-Ed(fl);z(l_P)BN(t_l) )
i=1 max
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From Appendix.A Lemma 2, when the coefficient (1 — p)f is large, the growth rate of M(r) will
significantly outdistance that of N(¢). The approximation of M(t) is:

Loy » (divg)?
:C+1[Ck;0(6’+1> N(k)—N(t)L Whereczm

M(1)

(1-p)B. “4)

To support this analysis, we conducted extensive simulations of edge growth dynamics This process
(g )
(dhax )2

not constant. In the subsequent analysis, we fix the time step at 20, keeping the varying coefficient within
( (;71))3

avg
(dhyax)?

is based on node growth process, we set unrelated parameter & = 1.3. However, the coefficient

a relatively small range. We proceed by fixing the parameter = 1.5, and then analyze the impact

of varying .

(a) (b) (©

Figure 3: Edge growth trajectories under different values of parameter. Calculated M(¢) is from (4),
Simulated Mean M(t) is averaged over 100 simulations.

As we transition from Figure 3.(a) to Figure 3.(b), the parameter B decreases from 1 to 0.9. The

probability of nodes connecting with existing nodes becomes higher, resulting in a larger maximum degree
- . . (D)3 . . -
d,(éaxl). With the coefficient Ej’gﬁ 1);2 reduced, the simulation results indicate a slower rate of node growth.

(dirg"))?

For Figure 3.(c), B is increased from 1 to 1.25, leading to a larger (Z(’*‘))Z and, consequently, a faster

max

rate of node growth. These simulation outcomes demonstrate the model’s capability to simulate varying
connectivity levels in collaboration networks and to capture the structural complexity of real academic
collaborations.

3.3 Parameter Sensitivity Analysis

In this section, we conduct a sensitivity analysis to examine how key parameters affect the degree distribution
of networks simulated by the PENM model. This analysis provides guidance for selecting appropriate
parameter values when simulating real-world collaboration networks with different structural characteristics.
The analysis contains four parameters: o, 3, p, and degree_threshold. To analyze the effects of each
parameter, we systematically vary their values and observe the resulting changes in the degree distribution.
Figure 4 presents four subplots, each corresponding to one parameter, illustrating how the distribution shifts
under different parameter values.
Figure 4 illustrates the sensitivity of PENM’s degree distribution to key parameters: ahigher degree_threshold

reduces the maximum degree and concentrates nodes at lower degrees, lower ¢ slows node introduction
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(a) Varying degree_threshold affects the (b) Changes in o influence the pace of
maximum degree and low-degree node new node introduction, impacting degree
concentration. spread.

(c) Higher 8 values increase the density of (d) Parameter p, balances node and edge
edges, shifting degree distribution to the growth. Lower p values lead to higher
right. average degrees and heavier tails.

Figure 4: Sensitivity analysis for parameters degree_threshold, o, B, and p.

for a more uniform degree spread, increasing  enhances edge density to shift the distribution toward
higher degrees (> 10?), and decreasing p, which balances node and edge growth, significantly boosts edge
formation, yielding higher average degrees and heavier-tailed distributions.

Overall, the sensitivity analysis demonstrates that the PENM model can flexibly reproduce various
types of degree distributions by adjusting its parameters. This tunability enhances its applicability across a
wide range of collaboration networks, enabling users to tailor the model according to observed real-world
properties.

4 FITTING WITH REAL WORLD NETWORKS

In this section, we evaluate the performance of the Parametric Evolutionary Network Model on real-world
scholar collaboration datasets. Specifically, we use three datasets: ca-CSphd (Dohleman 2006), ca-Erdos992
(Batagelj and Mrvar 2000) and cit-DBLP (Rossi and Ahmed 2015). For comparison, we also include two
established network generation models: the Network Reconstruction Model (NRM) (Pandey and Adhikari
2017), the Evolving Network Model (ENM) (Li et al. 2023).
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4.1 Evaluation Metrics

In this study, we evaluate the model’s performance by focusing on the degree distribution similarity. The
degree distribution serves as a pivotal indicator of network structure, delineating the prominence of well-
connected nodes, or hubs, and quantifying the inequality in collaboration patterns. These hubs play a pivotal
role in knowledge dissemination and network robustness. The degree distribution’s clear interpretability
and its established use in network analysis make it an ideal benchmark for assessing how closely our
simulated networks mirror actual academic networks.

We use three widely adopted metrics to assess distributional similarity: the Pearson correlation coefficient
(p), the Kullback-Leibler (KL) divergence, and the Jensen-Shannon (JS) divergence (Nielsen 2021). The
Pearson correlation coefficient p serves as a metric for evaluating the correlation between distributions and
is calculated as follows: ~ ~
_ iz1 (xi — %) (yi — 3)

VEL 0 =07 i =9
where x; and y; are the values from the two distributions, and Xand y are their respective means. The range
of pis [—1,1].

The Kullback—Leibler (KL) divergence measures how one probability distribution diverges from a
reference distribution, and is defined as:

P

P(x;)
O(x;)

KL(P||Q) = immog( )

where P and Q represent the true and generated degree distributions, respectively. Its range is [0, 4o0).
The Jensen—Shannon divergence is a symmetrized and smoothed version of the KL divergence, based
on the KL divergence, and is defined as:

1 1
JS(PIIQ) = KL(PIIQ) + S KL(QIIP),
The JS divergence ranges between 0 and 1 and is often preferred due to its symmetry and stability.

4.2 Comparison of PENM, NRM, ERM with Real Data

This section evaluates the degree distributions simulated by PENM against real-world collaboration networks.
The detail of 3 network dataset: ca-CSphd has 1882 nodes and 1740 edge; ca-Erdos992 has 5094 nodes
and 7515 edges; cit-DBLP has 12591 nodes and 49635 edges.

() (b) (©

Figure 5: Degree distribution comparisons between real-world scholar collaboration networks (black) and
networks generated by PENM (red): (a) ca-CSphd, (b) ca-Erdos992, (c¢) cit-DBLP.
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The degree distributions simulated by PENM closely align with real-world data, which is displayed
in Figure 5. The red lines represent the degree distributions produced by PENM, while the black lines
correspond to the ground-truth networks. Across all three datasets, the degree distribution generated by
PENM closely aligns with the real data, demonstrating the model’s effectiveness in reproducing real-world
structural patterns.

Table 2: Optimal parameter for different dataset.

Network  degree_threshold  p o B

ca-CSphd 5 095 0.78 0.05
ca-Erdos992 2 09 125 0.65
cit-DBLP 3 0.91 3 4

Table 2 presents the optimal parameters for PENM simulations across each dataset. The acquisition
of these optimal parameters was achieved through a grid search approach. The initial parameters were
estimated based on the analysis presented in Section 3.3. The variation in parameter values across datasets
highlights the flexibility of PENM in adapting to networks with different characteristics.

Table 3: Distribution similarity.

Evaluation Metrics

Network Models P KL IS
ERM 0.993 0.036 0.096
ca-CSphd NRM 0.993 0.089 0.106
PENM(ours) 0.998 0.057 0.085
ERM 0.984 0.114 0.179

ca-Erdos992 NRM 0.981 0.113 0.17

PENM(ours) 0.996 0.089 0.113
ERM 0.978 0.448 0.372
cit-DBLP NRM 0.933 0.24 0.255
PENM(ours) 0.98 0.299 0.229

Our PENM model outperforms the other two models in some metrics across the datasets, which
is shown in Table 3. In most cases, PENM achieves higher Pearson correlation and lower divergence
values. Specifically, PENM achieves the highest p for ca-CSphd and ca-Erdos992, suggesting a stronger
correlation with the actual data distributions. Additionally, PENM demonstrates lower KL. and JS values
for ca-CSphd and cit-DBLP, indicating a closer match to the real data distributions in terms of these
divergence metrics. These simulation results confirm PENM’s ability to accurately simulate the degree
distributions of real scholarly networks. The model’s flexibility allows it to adjust to varying network sizes
and structures—making it a practical tool for modeling academic collaboration dynamics.

5 CONCLUSION AND OUTLOOK

In this paper we present the PENM model, a novel framework for simulating the evolutional characteristics
of collaboration networks. Through rigorous theoretical analysis and simulation-based validation on real-
world datasets (ca-CSphd and ca-Erdos992 and cit-DBLP), we demonstrated the model’s capability to
accurately simulate scholar collaboration networks. Its parameterized structure enables tailored simulations
to diverse scenarios, addressing the limitations of existing static or locally dynamic approaches.

While PENM currently simulates structural network evolution of collaboration networks, it simplifies
the real-world scenario by considering only topological evolution and ignoring node-level attributes such as
research fields, affiliations, and seniority. Incorporating such attributes alongside more node-level attributes
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in future extensions could enrich the model and enhance its realism and explanatory power. Given its
parametric nature, PENM is particularly suited for integrating node-centric data and supporting more robust
simulations. In future work, we plan to validate the model using additional structural metrics, such as
clustering coefficient and average path length, to provide a more comprehensive assessment beyond degree
distributions. This will further enhance PENM as a flexible and practical tool for studying academic
collaborations across diverse contexts.

We propose that simulation-driven models like PENM hold potential for forecasting future trends in
scholar collaborations. In addition, future versions of PENM could incorporate mechanisms to simulate
node inactivity, such as scholars exiting academia, to better reflect the lifecycle of real-world academic
participants. Future work could leverage PENM’s simulation capabilities to develop predictive analytics
tools, enhancing the strategic formation of research partnerships. We plan to extend the application of this
model, using simulations to deepen insights into network dynamics across various domains, providing new
perspectives for collaboration network forecasting and recommendation.
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A APPENDIX

All experiments presented in this study were conducted using Python. The computational environment was
configured with an AMD Ryzen 9 7940HX with Radeon Graphics processor, operating at 2.40 GHz, and
equipped with 15.2 GB of RAM.

Lemma 1. For recursive sequence:

n—1
m
a, = a1+ — Z a;.
n 2o

With ag > 0, a; = 2ap. The analytical expression of a,, is:

ok
+k
4 — Mo m(ﬂ >+(1_m)ao.

em = k! n

Proof. Let f(x) = ¥ a,x". Then f (x) = ¥ na,x"~!. The recursive sequence can be written as:
n=1

n=1

n—1 n—1
na, = nd,—1 +m Z ar=(n—1)ap_1+ay—1+m Z ay.
k=0 k=0
Then we have:
o) oo oo sl n—l
fl(x) —a; = Z na,xX"~' = Z (n— l)an,lx"_1 + Z ap1X" '+ m Z Z ax™!
n=2 n=2 n=2 n=2k=0
/ m
=xf (x)+ f(x) — (m+1)ap+ T« (x).
The differential equation is
/ x—1—m m—1
=0.
f()C)+ (1—)6)2 f(X)+ l_an
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Then
mao 1 m  1—m
= —_— e l—x
f) e 1—x ¢ +1—xa0
Yy () 1 g
e Sk ’
Thus,

Lemma 2. For recursive sequence:
by=ay,—ay—1+ (c+1)by_;.
With by = ag. The analytical expression of b, is:

1 n
b = 1n—k _ ]
= il L

Proof. Let g(x) = Y. b,x". Then we have:
n=1

g(x)—bo = i byx" = i(an —ap )X+ (c+1) i bp_1x" = (1 —x) f(x) 4+ (c+ 1)xg(x) — ao.
n=l1 n=1

n=1
Therefore,
1—x mao 1 m 1—m
= g . .el—x —
8¥) 1—(c+1)xf(x) em 1—(c+1)x e 1—(c+1)xa0
1 oo
= [ ar(c+ 1) —a,]x".
c+1 r;) k—i-;:n
Thus,
1 - n—k
b, = P [ckz:O(c—i— " ay—a,]. O
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