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Abstract. With the collaboration of several intelligent services, a crowd intel-
ligence service network has been formed, and a service ecosystem has grad-
ually emerged. As a novel service organization model, the Service Ecosystem
(SE) can provide more sophisticated, precise, and thorough services and has
attracted widespread attention. However, it also brings negative effects such as
involution, and information cocoon room. Thus, how to analyze the collaborative
decision-making mechanism between the SE regulation algorithm and the crowd
intelligence group, exploring the reasons behind the negative effects, and finding
effective intervention strategies have become problems in this field. To solve the
challenges, we propose a Computational Experiments-based method Decision-
making processes Analysis model in SE, namely CEDA. The proposed CEDA
model consists of three modules: the autonomous evolution mechanism module,
the learning evolution mechanism module, and the collaborative decision-making
analysis module. Among them, the computational experiments can provide a cus-
tomized test environment for the analysis of collaborative decision-making pro-
cesses and find out the appropriate intervention strategy. Finally, the validity of
the CEDA model is verified through the case of academic ecosystem involution.
The results show that computational experiments can provide new ideas and paths
for collaborative decision-making processes analysis.

Keywords: Collaborative Decision-making Processes · Case Studies of
Collaborative Application · Performance Evaluation · Service Ecosystem ·
Interaction Mechanism · Computational Experiments

1 Introduction

With the era of the intelligent interconnection of all things, new technologies and prod-
ucts such as big data, cloud computing, and artificial intelligence continue to pour into
the modern service industry, which can be combined and integrated to meet complex
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application scenarios [1, 2]. “Data + computing power + AI algorithm = intelligent
service” is forming a new type of social infrastructure. In this technical architecture, “Ev-
erything as a Service”, the service gradually endows everything in society with a unified
logic, including applications, platforms, data, algorithms, and resources, and the entire
social landscape is redefined under the service logic [3]. By focusing on the structure
of the process and neglecting the exchange of data and resources between collaborators
traditional service systems gradually turn into Service Ecosystems (SE) where many
agents (people, companies, governments, intelligent machines, etc.) work together and
operate together [1], as shown in Fig. 1.

As a complex service system that is influenced by many factors, the efficient oper-
ation of the service ecosystem requires collaboration between the supply and demand
sides. The supply side constantly pursues high efficiency (Efficiency = output/time),
while the demand side continuously provides valuable output (Effectiveness = valuable
output/time). This collaboration is crucial to prevent the whole system from falling into
a loop of ineffective output. In this context, intelligent regulation algorithms play an
increasingly important role in helping individuals, businesses, and governments make
decisions and dealwith everydaymatters. These algorithms provide amore granular, pre-
cise, and thorough model of service operation in a more intelligent way than traditional
service. For example, recommendation algorithms can influence the speed of enhancing
people’s access to information [2] and service platform algorithms can perform route
planning [4]. Intelligent regulation algorithms are playing an increasingly important
role in the collaborative decision-making and processing of everyday affairs, enabling
significant changes in how services are organized and operated. They are also having a
growing impact on shaping the processes of human interaction with politics, economics,
and society [3]. However, the complexity, opacity, and lack of interpretability of intelli-
gent moderation algorithms themselves [3]. Have led to a rise in the risks associated with
their use. For example, algorithms for ranking scientific results have led the academic
ecosystem into a state of involution with diminishing marginal effects [5]. In addition,
problems such as complex networkwind [4], and “information cocoon room” [6]. Caused
by intelligent regulation algorithms pose new challenges to the service efficiency of the
public intelligence service system. To ensure the effective and efficient operation of the
service ecosystem, it is crucial to address the risks and challenges associated with the
use of intelligent regulation algorithms.

Therefore, exploring the reasons for the negative effects and interaction processes
between the regulation algorithm and the crowd intelligence group becomes the key to
research. For example, Shi et al. used a simulation system to simulate the real world
and effectively assess the impact of the interaction between algorithms and people [8,
9]. Kang et al. use quantitative methods to analyze interaction data and conclude that
algorithm-human interaction exacerbates algorithm discrimination [2, 10]. However, the
inherent complexity, opacity, and lack of interpretability of intelligent regulation algo-
rithms have increased the risks of SE. Existing analysis methods ignore the complexity
and dynamics of the interaction between algorithms and agents, making it difficult to
reveal the underlying mechanisms of system evolution and to give effective regulation
strategies. In this context, this paper investigates the mechanism of interaction between
the regulation algorithm and the intelligent behavior of the crowd intelligence group
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in SE and explores the reasons for the negative effects of the interaction between the
regulation algorithm and the crowd intelligence group.
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Fig. 1. The SE consists of several agents such as people, enterprises, intelligent machines, and
regulation algorithms, which are self-learning and capable of self-evolution, as well as interacting
with other agents to accelerate their evolution and facilitate the evolution of SE.

Computational experiments are based on the underlying agents to simulate real-
world microscopic behavior and have the advantage of being accurate, controllable, and
repeatable. This paper combines the characteristics of computational experiments to con-
nect the micro and macro and proposes a Computational Experiments-based Decision-
making processes Analysis model in SE, referred to as the CEBA model. The CEBA
model describes the cyclic mechanism of positive and negative feedback between the
intelligent regulation algorithm and the crowd intelligence group in SE from a macro-
scopic perspective and analyses the state properties, behavior changes, and correlations
between the two from a microscopic perspective. Finally, the case of scientific academic
ecosystem involution using the CEBA model is analyzed to explore the internal mech-
anism of the creation, exacerbation, and mitigation of scientific academic ecosystem
involution.

2 Background and Motivation

The SE is a complex service system that facilitates the service effectiveness of the service
system under limited resources through the centralized provision of infrastructure and
public services. The operation logic of the SE consists of three parts: crowd intelligence
group, service network, and value network [11, 12].
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In recent years, the SE has become the most important organizational form of the
service system [13, 14]. In a SE, agents autonomously adjust their behaviors and deci-
sions according to their value output to improve their effectiveness, while the regulation
algorithm regulates the behavior and habits of the intelligence to improve the service
effectiveness of thewhole service system.With the increasing complexity of the coupling
between intelligent regulation algorithms and crowd intelligence group, it is becoming
more important to analyze the interaction processes between the two [14]. A review of
the literature reveals that current research approaches to algorithm-human interaction
fall into three main categories.

The first category is to evaluate the impact of the interaction between algorithms and
humans based on real systems or simulated systems using A/B tests or combinations of
multiple variables. Miikkulainen et al. [5] proposed to use of an evolutionary algorithm
to select the A/B test feature space; Shi et al. [8] proposed to use reinforcement learn-
ing to establish a virtual Taobao for A/B testing; Koster et al. [10] proposed a virtual
environment to explore the influence of people on algorithm-making policy.

The second category is qualitative analysis from psychology, causality, and influenc-
ing factors. Bucher et al. [15] investigated the emotional dimension and perception of
algorithms and people; Alvarado et al. [16] proposed an algorithmic experience (analyt-
ical framework for analyzing the experience of algorithm-human interaction; Shin et al.
[17] proposed the models to influence users’ perceptions of algorithmic systems in the
context of algorithmic ecology.

The third category is to collect interactive data based on questionnaires, interviews,
and web crawlers for quantitative analysis. Li et al. [19] proposed a psychological per-
spective on the positive impact of anthropomorphism in the interaction of AI assistants;
Kang et al. [2] investigated the impact of AI features embedded in core aspects of social
media;Vlasceanu et al. [9] verified that non-human factors induce lasting social influence
outside the group environment.

Currently, all existing methods of interaction analyses have certain limitations. For
online systems, too much analysis can put pressure on the system and degrade the user
experience. Simulation systems focus on top-downmodeling, and the simulation process
requires human participation,which does not allow for large-scale, long-term simulation.
Qualitative analysis methods cannot quantify the interactions between factors, and can
only provide a rough analysis from a macro perspective, which is insufficient to explain
the decision-making and interaction processes. Quantitative analysis methods cannot
effectively analyze the decision-making and interaction processes since a large number
of assumptions and a large amount of data are required when building the model.

To solve the problems in the interaction analysis methods for the SE regulation algo-
rithm and crowd intelligence groups, this paper proposes a Computational Experiments-
based Decision-making processes Analysis model in SE. The model separates the crowd
intelligence group and the regulation algorithm in the hybrid system and then abstracts
them into an artificial society agent and the SE regulation algorithm respectively. It can
simulate the interaction processes between the SE regulation algorithm and the artificial
society agent, and analyze the circular feedback logic and inner mechanism of the inter-
action between the SE regulation algorithm and the artificial society agent. Finally, the
proposed model is validated by setting up different types of intervention strategies and
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different types of artificial society agents to analyze the generation, exacerbation, and
mitigation of the phenomenon of involution in the academic ecology.

3 Computational Experiments-Based on Collaborative
Decision-Making Processes Model in SE

This section first introduces the proposed CEBA model, followed by a detailed descrip-
tion of the autonomous evolution mechanism of the regulation algorithm and the learn-
ing evolution mechanism of the artificial society agent model, and then describes the
cyclical mechanism and dynamic evolution process between the two. Finally, individual
effectiveness, system effectiveness, and other analysis indicators are given.

3.1 Computational Experimental Analysis Model of SE

The CEBA model uses computational experiments to model the whole process of inter-
action between the SE regulation algorithm and the artificial society agent, focusing on
the analysis of the changes in the artificial society agent. Additionally, exploring the
internal mechanism of the interaction between the SE regulation algorithm and the arti-
ficial society agent can help to mitigate the negative effect of the regulation algorithm
on the artificial society. As shown in Fig. 2, the first is to introduce the SE regula-
tion algorithm, and the agents perceive and make corresponding feedback. Secondly,
the introduction of the SE regulation algorithm will accelerate the evolution process
of artificial society learning, thus affecting the interaction between the SE regulation
algorithm and the artificial society agent. Finally, after a period of operation, the artifi-
cial society produces certain negative phenomena of the algorithm. To mitigate or avoid
the negative phenomenon of the SE regulation algorithm, the SE regulation algorithm
will be modified or replaced. Therefore, the CEDAmodel will analyze the collaborative
decision-making and interaction processes between the SE regulation algorithm and arti-
ficial society from the following three aspects, and explain the internal mechanism of the
generation, exacerbation, and mitigation of social phenomena caused by the interaction
between the two.

(1) The changes in the artificial society agent before and after the regulation

The SE regulation algorithm has changed the organizational norms and management
measures of the service system, which makes the evaluation, allocation, and recommen-
dationmore rational, automatic, and standardized. However, agents need to learn the best
strategy to improve competitiveness and rewards in the process of interaction between
the regulation algorithm and other agents, due to the limitation of resources and the pur-
suit of reward maximization. The agent strategy is gradually homogenized and biased,
forming a negative effect, with a certain social phenomenon emerging, such as ➀, ➁, ➂,
➃, ➄, ➅ processes in Fig. 2. Therefore, we set up an artificial society agent experiment
after regulation, and analyze the performance differences of the crowd intelligence group
after the regulation algorithm is applied, meanwhile explore the impact of the regulation
algorithm on the effectiveness and negative effects of SE.
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(2) Artificial society agent changes, while the regulation algorithm remains
unchanged
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Fig. 2. The framework of the proposed CEDAmodel, consists of threemodules: the SE regulation
algorithm module, the collaborative decision-making processes analysis module, and the artificial
society agent module. The left side represents the SE regulation algorithmmodule abstracted from
different SE regulation algorithm instances, the right side represents the artificial society agent
abstracted from different crow intelligence group instances modules, and the middle represents
the abstracted collaborative decision-making processes analyses module.

From the interaction processes in Fig. 2 ➂, ➃, ➄, ➅, ➀, ➁, we can see that: Many
factors affect SE regulation algorithms, different artificial society agents have differ-
ent influences on the SE regulation algorithm, such as the organizational structure of
the agent, the intelligence degree of the agent, and individual differences. We need to
determine and analyze the factors, so we set different values for the influencing factors
of different artificial society agents and then design a group of controlled experiments
to analyze the performance differences between the same regulation algorithm and the
crowd intelligence groups with different settings. Besides, we can explore how the influ-
ence factors of the artificial society agent shape the behavior mode and evolution of the
agent process and also evaluate the impact of negative effects on the regulation algorithm.

(3) The regulation algorithm changes, but the artificial society agent remains
unchanged

The original intention of introducing the management and regulation algorithm into
the SE is further improving service efficiency through refined management. However,
the regulation algorithm affects the job evaluation and income distribution of the agent,
so there could be a negative impact on the direction and speed of the artificial society
learning evolution. It is necessary to update the regulation algorithm, migrate or avoid
the negative impact as much as possible meanwhile ensuring the goal of the regulation
algorithm, as shown in the process of ➅, ➀, ➁, ➂, ➃, ➄ in Fig. 2. Therefore, we set
up controlled experiments to analyze the attributes and state changes of the agent under
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the regulation algorithm of different intervention strategies and explore the mitigation
effect of the regulation algorithm on the negative impact of the algorithm under different
intervention strategies.

3.2 Autonomous Evolution Mechanism of the SE Regulation Algorithm

Control and induction are two ways to regulate SE. However, effective regulation cannot
be achieved due to the complexity of the system. Therefore, induction is usually used for
regulation. As a general algorithm module, the regulation algorithm can be replaced by
other regulation algorithms. The regulation algorithms generally consist of three parts:
input, output, and self-learning capabilities. Self-learning is using a large amount of data
generated by the interaction between regulatory algorithms and artificial society to carry
out self-training and evolution to form a “rule set”. The formulation of the regulation
algorithm is as follows:

RAout,t = RAt � RAin,t t ≥ 0 (1)

where RAt represents the regulation algorithm at time t, which can reflect the learning
ability of the regulation algorithm at time t. RAin,t denotes the input of the regulation
algorithm at time t, and its input is the comprehensive output of factors such as the state of
the regulation algorithm and the emergence of social phenomena from artificial society
agents. RAout,t represents the output of the regulation algorithm at time t after evolution.
� represents the update of the regulation algorithm RAt based on the comprehensive
output of the artificial society at time t.

The characteristic index space
{
qj,t

}
of the SE regulation algorithm RAt is defined

as follows:
{
qj,t

} =
{
q1j,t, q

2
j,t, q

3
j,t . . . , q

N
j,t

}
(2)

where
{
qj,t

}
is the set of all agent index j feature values, and N is the number of all

agents in the artificial society agent model. The average reward index of the agent is
defined as:

IncomeagentT =
∑i=N

i=0
∑t=T

t=0 Rewardt,i
N t ≥ 1 (3)

where Rewardt,i indicates the income of the agent i from t − 1 to t and IncomeagentT
indicates the average income of the agent in the artificial society at time T .

The input of the regulation algorithm RAin,t , that is, the index systemQos(i, t) value
of agent i at time t is defined as follows:

Qos(i, t) = ∑j=M
j=0 wj,tqij,t (4)

whereM represents the number of characteristic indicators of theSE regulation algorithm
RA, qxj,t represents the feature value of the index j of the agent x at time t, andwj represents
the preference weight of the index system at time t.

The index discrimination degree Dj,t of SE regulation algorithm RAt is defined as
follows:

Dj,t = Hj,t−Lj,t
Maxj,t

t ≥ 0 (5)
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Here, the discrimination calculation method adopts the two-end grouping method: first,
the values of

{
qj,t

}
at time t are arranged in descending order, and the first α% entities

are listed as high-scoring entities, and the latter α% entities are listed as low-scoring
entities group, then the discrimination degree of index j is Dj,t . Among them, Hj,t is the
average score of the high group in index j, Lj,t is the average score of the low group in
index j,Maxj,t is the highest score value of index j.

The index system discrimination degreeDt of SE regulation algorithmRAt is defined
as follows:

Dt = max
(
D0,t, . . .Dj,t,Dm,t

)
t ≥ 0 (6)

where Dt represents the maximum value of discrimination in all index systems. m
represents the number of indicators under the indicator system.

The fitness function of the SE regulation algorithm RA at time t is as follows:

FitRA,t = α ∗ Incomeagentt + (1 − α) ∗ Dt 0 ≤ α ≤ 1 (7)

where FitRA,t represents the fitness function of the regulation algorithm at time t, which
is not only related to the interaction of the artificial society but also affected by the
regulation algorithm itself. α is a proportional coefficient, which is used to indicate the
average income of an artificial society occupies the size of the fitness function value.
When α is larger, it means that the average income of the artificial society occupies a
larger fitness function value and vice versa.

3.3 The Learning Evolution Mechanism of the Artificial Society Agent Model

The artificial society agent is a complex systemcomposed of a large number of agents that
follow certain rules, interact with each other, and have certain autonomous capabilities,
which can simulate the structure, function, and evolutionmechanism of SE. The artificial
society agent is regarded as an alternative version of the crowd intelligence group to study
various phenomena in reality. Artificial society is divided into three parts: input, output,
and self-learning ability. The learning evolution process of the artificial society agent
model can be modeled using the SLE framework [19]. SLE is a customized evolution
model that includes three evolution modules: individuals, organizations, and society.
The evolution of the three models can be specifically expressed as:

(1) Individual evolution mechanism

An individual refers to a single agent in different types of artificial societies, a genetic
component. The agent has the characteristics of autonomy, responsiveness, initiative, and
sociality, and it perceives, makes decisions, acts, and optimizes through the propagation
of information flows, forming an evolutionary mechanism with the following behavioral
rules expressed as follows:

∀vt ∈ Vt, ε(α, vt,Et,Yt) ⇒ 〈S,Dt,N ,max(Valuet+1)〉 (8)

ε(α, vt,Et,Yt) represents the evaluation of the result of the agent α completing the
behavior vt in the environment Et and the decision Yt , ⇒ means “satisfied”, N repre-
sents the constraints on the agent, S represents static attributes, Dt represents dynamic
attributes at time t, max(Valuet+1) indicates the task standard.
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In an artificial society, the agent is not unconscious or does not lack initiative, and
its learning process is an important dynamic mechanism for system evolution. During
this operation, the agent updates its rule by interacting with the environment, which
can affect its decision-making mechanism. Generally speaking, the agent will adopt the
feedback learning principle of “increasing rewards” to gradually optimize its decision-
making mechanism, so that it can take actions that are closer to the accomplishment of
the goal. The formula is expressed as follows:

Yt+1 = Yt ⊕ FitAS,t(Et) t ≥ 0 (9)

FitAS,t(.) represents the fitness function at time t, which is used to describe the
survivability of the agent and can be regarded as the mapping relationship between
strategy and fitness. ⊕ indicates that the decision mechanism Yt is based on the update
of the environment state Et .

(2) Organizational learning evolution mechanism

In the real world, the agent can adapt to the external environment through individual
learning, and it also learns to evolve by observing and imitating the corresponding
organization where the organization is composed of agents with the same activity scope
and behavior set.

Organizational learning is to transform different small organizations formed in the
process of neighbor learning into smaller and higher-level organizations. In the same
learning organization, there is not only competition but also a certain degree of collabo-
ration among agents within the organization due to the principle of knowledge sharing
within the learning organization. Different organizations will compete with each other
to obtain favorable positions based on the organization as a unit, and the competitive-
ness is reflected in the income and vision of the leaders within the organization. The
competitiveness of agents can be improved continuously by learning from excellent part-
ners. Whether the agent wants to learn from the organization depends on the following
formula:

O
(
orgj, vi,t, vorgj,t

)
> 1?Evo(yes) : Evo(no) (10)

O
(
orgj, vi,t, vorgj,t

) =
∣∣∣Income(orgj,vorgj ,t)

− Incomevi,t

∣∣∣

Distance

where Income(orgj,vorgj ,t)
represents the income of the agent i in the organization j at the

time t of behavior vorgj,t , Incomevi,t represents the reward of agent i making behavior
vi,t at time t, and Distance represents the cost of learning organization j for agent i.
If O

(
orgj, vi,t, vorgj,t

)
is greater than 1, the agent i will learn the excellent strategy of

the organization to improve its ability. Otherwise, the agent will continue to take action
according to its original strategy.

(3) Social learning evolution mechanism

According to the principle of survival of the fittest, the artificial society selects the
most adaptive agent as the elite, and its excellent knowledge will be passed on to the top.



Collaborative Decision-Making Processes Analysis 217

It builds a culture through knowledge accumulation and also spreads the culture to other
agents for learning. The specific policy rules of the social learning layer are as follows:

1) The policy of probability principle: the agents can choose different rewards to
achieve strategy selection. For example, some agents will pursue the maximum
income so that they will learn from low-income individuals with a small probability.

2) The principle of income comparison: an agent with a small income will imitate the
behavior and strategy of an agent with a large income, while the agent with a larger
income maintains its original behavior and strategy.

Regulation Algorithm in SE

Macroscopic 
Phenomenal Feedback

Ouput Affects 
Individual Behavior

The Social Emergence of Artificial 
Society Under Self-Organization 

Conditions

Individual Behavior
Individual Behavior

Individual Behavior

Individual Behavior

Imitation
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Artificial Society

System Summary
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Self-learning
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Fig. 3. The cyclic mechanism and dynamic evolution process, the output of the SE regulation
algorithm acts on artificial society agents, and the artificial society agents learn, imitate and inter-
act with themselves to form a certain organizational group in the artificial society. After a period of
learning and the evolution of different organizational groups, a macroscopic social phenomenon
will emerge. The macro-phenomenon influences the direction of the regulation algorithm’s learn-
ing evolution. The organizational groups and the output of the regulation algorithm in turn change
the cognition of the artificial society agents, resulting in different agents behaving differently, thus
forming a circular process of action.

3.4 The Cyclic Mechanism and Dynamic Evolution Process Between Regulation
Algorithm and Artificial Society

The learning evolution of the SE regulation algorithm and artificial society is the process
of interaction between artificial society and the SE regulation algorithm, as shown in
Fig. 3.
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The SE regulation algorithm acting on the artificial society is expressed as follows:

FitAS,t+1 = FitAS,t ⊗ Rt t ≥ 1 (11)

Rt = {
Rewardt,0,Rewardt,1 . . .Rewardt,N

}

whereRt represents the set of gains for all agents from t−1 to time t, andN is the number
of all agents in the artificial society. ⊗ represents the update of the fitness function
FitAS,t+1 of the artificial society agent at time t + 1 based on the fitness function FitAS,t

of the artificial society agent at time t and Rt .
The expression of the emerging social phenomena ASphenomenal,t in the artificial

society acting on the SE regulation algorithm RAt at time t is as follows:

Wt+1 = RAt �ASphenomenal,t t ≥ 0 (12)

Wt+1 = {
w0,t+1,w1,t+1 . . . ,wM ,t+1

}

whereASphenomenal,t indicates the social phenomenon that emerges in the artificial society
time t. Wt+1 represents the preference weight of the index system at time t + 1, and
M represents the number of characteristic indicators of the regulation algorithm. �
represents the updating of the index systemweights of the regulation algorithmaccording
to the emerging social phenomena at time t.

3.5 Individual Effectiveness, System Effectiveness, and Other Analysis Indicators

The service efficiency of the SE is affected by many factors, and any failure or problem
in any link may lead to negative effects on the entire service system. For the healthy
and orderly development of the crowd intelligent service system, this paper proposes an
Individual Effectiveness IE to evaluate the performance of agents in the service system.
In particular, the IE is a concave function, which is increasing the agent’s income and
linearly decreasing in the cost. The Individual Effectiveness IET ,i is a function of the
change in reward

∑t=T
t=0 Rewardt,i and cost

∑t=T
t=0 Costt,i for agent i from time 0 to T ,

the formula looks like this:

IET ,i = crra
(∑t=T

t=0 Rewardt,i
)

− ∑t=T
t=0 Costt,i (13)

CostagentT =
∑i=N

i=0
∑t=T

t=0 Costt,i
N

t ≥ 0

crra(z) = z1−η − 1

1 − η
η > 0

where Costt,i denotes the cost of agent i from time t − 1 to t and CostagentT denotes
the average cost of all agents in the artificial society at moment T . The crra function
is marginal in effect, and its magnitude may decrease as the reward increases. The
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parameter η controls the degree of non-linearity: higher η indicates more non-linear
behavior.

To balance the healthy development of the SE and the number of output results, the
system effectiveness of the SE is defined below. A new indicator for judging the healthy
development of the SE, namely the System Effectiveness SET at time T , is synthesized
here and defined as follows:

SET =
∑i=N

i=0
∑t=T

t=0 IEt,i
N ∗

∑i=N
i=0

∑t=T
t=0 Taskt,i
N

(14)

where
∑i=N

i=0
∑t=T

t=0 IEt,i
N is the average of the individual effectiveness of all agents at time

T. When this value is less than or equal to 0, it indicates that there is involution in the SE
at this time. Taskt,i denotes the number of tasks completed by agent i from time t − 1 to

t,
∑i=N

i=0
∑t=T

t=0 Taskt,i
N denotes the average number of tasks completed by all agents at time

T .
Here are some other analytical metrics that use the number of agents that occurs

across space to reflect the state of competition within a disciplinary area, with the
following formula:

CrossT =
∑i=P

i=0

∑t=T

t=0
Crossfieldi,t t ≥ 0 (15)

Fig. 4. Design of Computational Experiment System.
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where Crossfieldi,t denotes the number of domains crossed by field i from time t − 1
to t, and P represents the number of fields.

4 A Case Study of the Academic Ecosystem

To verify the validity of the model, this paper uses the CEBAmodel to simulate and ana-
lyze the involution of the academic ecosystem. The involution of the academic ecosystem
is mainly due to the shortcomings of the research regulation algorithm itself. For exam-
ple, ignoring the correlation between the difficulty of a research project and the amount
of funding support for the project leads to more difficult projects and less support fund-
ing for unpopular fields of research. Many researchers in unpopular fields will turn to
research in popular fields, leading to a dramatic increase in the number of researchers
in popular fields. Researchers in popular fields who engage in some low-value research
need to maintain their competitive edge by guaranteeing their number of research out-
puts, which leads to involution. At the same time, the formation process of involution
is influenced by a variety of factors, but the current research on the mechanism of the
trend of involution mainly adopts a qualitative analysis method, and it is difficult to fully
and dynamically reflect the inner operating mechanism of the involution of the academic
ecosystem. Therefore, this paper constructs an experimental system of academic ecology
based on the proposed CEBA model for analysis.

Table 1. Parameter settings of experiments

System variable Experiment setting

Initial Number of Researchers Area 1: Area 2: Area 3 = 6: 6: 6

Fund for a Tick Revenuet = 20

Running Time 1000

Vision Range Bounded random within the range of [1, 4]

Distance Cost Y = k * x (x > 0, x indicates distance moved. k = 1)

Processing Cost Bounded random within the range of [1, 3]

Cross-Domain Cost Bounded random within the range of [9, 14]

Solve Payment Y = kmk

xk+1 , * 3(x is random within [0,1000], k = 4, m = 18)

Task Complexity Bounded random within the range of [1, 3]

Researcher Ability The ability obeys standard normal distribution

Task Type Bounded random within the range of [1, 3]

Task Regeneration probability 0.1

Tolerance Bounded random within the range of [1, 4]

Degree of Nonlinearity η = 0.23

(continued)
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Table 1. (continued)

System variable Experiment setting

Task Generation Rules Y = N + M * sin(T). N represents the task and M represents
the fluctuation range. Area 1, N = 40, M = 5 Area 2, N = 30,
M = 3 Area 3, N = 20, M = 2

Distribution of Task Tasks are distributed randomly in three areas with centers of
(6, 6) (Area 1), (18, 6) (Area 2), and (6, 18) (Area 3)
respectively

This section first proposes the general framework of the experimental system, then
introduces how to design and construct an academic ecology computing experimental
system based on the CEBA model, and finally presents a statistical analysis of the
obtained experimental results.

4.1 The Framework of the Experimental System

The experimental system has two roles: the researcher and the research planner. Dis-
ciplinary tasks are assigned to various disciplinary areas according to certain rules.
Researchers take the initiative to explore and tackle disciplinary tasks, generating some
cost. New disciplinary tasks are automatically generated when they are tackled. The
research planner evaluates the work of the researchers and distributes the incomes
according to a regulation algorithm.

The framework of the CEBA model-based academic ecosystem shown in Fig. 4 is
constructed, where the entire academic ecosystem is divided into four regions.

Different numbers of disciplinary tasks and researchers are scattered across the three
disciplinary regions: i, ii, and iii (emerging, developing, and mature disciplinary nodes).
And various experimentation scenarios can be customized by setting different SE mod-
eration algorithms and parameters of the academic ecosystem. In addition, the involution
pattern of the academic ecosystem is analyzed by observing the evolutionary phenomena
in the experimental system.

4.2 Experimental System Design

The CEBA model proposed in this paper focuses on three aspects of the interaction
processes between the regulation algorithm and the academic ecosystem: before and
after the regulation, changes in the artificial society agent, and changes in the regulation
algorithm. Specifically, this paper sets up two sets of controlled experiments using the
same initialization conditions and a fixed total amount of money for the researcher and
disciplinary tasks, as well as different learning mechanisms and regulation algorithms
for different artificial society agents.

Experiment 1 used the free model regulation algorithm, with funding allocated
according to the ratio of the number of disciplinary tasks tackled by the researcher
to the number of all disciplinary tasks tackled in the system. Then we can reveal the
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process of involution generation and exacerbation by exploring the impact of the aca-
demic ecosystem with different learning mechanisms (individual, organizational, and
social learning) on the individual effectiveness of the system. The different learning
mechanisms represent different capabilities of information dissemination.

Experiment 2 is carried out based on the social learning used in Experiment 1. The
impact of regulation algorithms on system effectiveness is explored by setting up the
regulation algorithm with different intervention strategies (free mode, average mode,
and balanced mode), which in turn enables the mitigation of involution in the academic
ecosystem through adjusting the intervention strategies. The income of researchers under
different intervention strategies is as follows.

Rewardt,i = β∗Revenuet
N +

(1 − β) ∗ Revenuet ∗ Proportiont,i
(16)

where Proportiont,i represents the number of disciplinary tasks that researcher i has
tackled in time t − 1 to t as a proportion of the number of all disciplinary tasks in the
system. N is the number of all agents in the academic ecosystem. Revenuet indicates the
total amount of allocated funds in a cycle. Three different interventionmodelswere set up
based on the ratio of basic income to performance incentives: Free mode parameter: β =
0 (Liberal Distribution); Average mode parameter: (Strict Egalitarian Redistribution);
Balanced mode parameter: β = 0.5 (Liberal Egalitarian Redistribution).

The length of the experimental environment is 25 cells and the width is 25 cells, with
different types of nodes randomly distributed in their respective areas. The experimental
parameters are mainly set at the same scale scaled according to the global scientific com-
munity surveyed inNature [20]. The experimental parameters are set as shown in Table 1.
In this paper, the average income to researchers, average cost consumed, the average
number of disciplinary tasks tackled, individual effectiveness, and system effectiveness
are used to assess the impact of different models of the SE regulation algorithms and
different learning capabilities of the academic ecosystem on the generation, exacerbation
and mitigation of academic ecosystem involution.

4.3 Experimental System Analysis

a) Experiment 1: Classified academic ecosystems into three categories based on
the speed of information dissemination: those with different learning mechanisms.
It helps us explore the impact of academic ecosystems with different learning
mechanisms on individual effectiveness.

Figure 5 compares and analyses the changes in the average income, the average
cost of consumption, the average number of disciplinary tasks tackled, and the mean
individual effectiveness of researchers during the evolution of learning in the academic
ecosystem under three different learning mechanisms. The results of the experiment are
as follows.

(1) By analyzing the income and individual effectiveness under the three types of learn-
ing in Fig. 5(a)–(c), it is concluded that: 1) With individual learning, the gap in
income between researchers is larger, but those with individual effectiveness greater
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Fig. 5. Comparative analysis of the characteristic index of academic ecosystems under three
different learning mechanisms

than zero occupy the majority, and the degree of involution is not serious. 2) With
organizational learning, researchers’ incomes are normally distributed, and the gap
in the overall average level of incomes narrows; those with individual effectiveness
less than zero occupy the majority, and involution deepens. 3) With social learn-
ing, the returns increase, and the gap between the researchers’ incomes is further
reduced; the majority of those with individual effectiveness less than zero are more
severely involuted.

(2) By analyzing the heat maps of the initialized disciplinary task distribution under the
three learning mechanisms in Fig. 5(d)–(g) and the heat maps of the researchers’
trajectory run, it can be summarized that 1) the heat maps of the researchers’ trajec-
tories under individual learning are lighter in except for a few darker squares, which
indicates a certain randomness of movement focusing on free exploration and no
aggregation effect. 2) under organizational learning and social learning, the aggre-
gation effect is obvious in the heat map of the researcher’s trajectory, with social
learning being the most evident. This suggests that the researchers learn through
interaction and follow those with higher gains to explore less randomly. Moreover,
the movement trajectories can appear highly overlapping.

(3) By analyzing the average income, the average cost of consumption, the average num-
ber of disciplinary tasks tackled, the average individual effectiveness, and the system
effectiveness of the researchers under the three learning mechanisms shown in Fig. 5
(h)–(l), it can be obtained that 1) for the average income and cost of consumption,
social learning > organizational learning > individual learning; for the number of
tasks tackled, social learning > organizational learning > individual learning; indi-
cating that the researcher’s learning ability and the ability to disseminate information
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is stronger, meanwhile all indicators increase. For the individual effectiveness indi-
cator, all three learning mechanisms showed involution (the increase in average con-
sumption costs exceeded the increase in average incomes); for system effectiveness,
individual learning > organizational learning > social learning. 2) Social learning
can quickly disseminate information, strong inter-individual imitation, and greatest
involution; organizational learning improves the speed of information dissemina-
tion, where although its output increase is not obvious, its cost is not increased much
and it maintains high performance for the longest time; individual learning has the
slowest information dissemination and the lowest cost with the middle number of
tasks and the best system effectiveness.

Fig. 6. The average value is calculated in the case of 10 groups of random numbers, and the
comparison chart of each index.

The results of a single run in Fig. 5 show that the distribution of incomes according
to the number of tasks completed in the discipline creates an involution as the system
is run. Since individual mechanisms, organizational mechanisms, and social learning
mechanisms are more utilized, the ability of the academic ecosystem to learn and evolve
(the ability to disseminate information) increases, accelerating the rate of learning and
evolution of the academic ecosystem and deepening the degree of involution.

To further verify the validity of the model and also avoid the possible randomness
in a single experiment, 10 random groups are randomly selected for the experiment and
results are averaged to obtain the following experimental results, as shown in Fig. 6(a)–
(f). The analysis shows that individual learning, organizational learning, and social learn-
ing lead to increasing information dissemination among researchers, decreasing mean
individual effectiveness, accelerating the rate of evolution of the academic ecosystem,
and deepening the degree of involution.
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Fig. 7. Comparative analysis of the characteristic index of academic ecosystems under three
different learning mechanisms.

b) Experiment 2: Improving or updating the regulation algorithm through three differ-
ent intervention strategies to observe the mitigation effect of different intervention
strategies of the regulation algorithm on the involution of the academic ecosystems.

Figure 7 compares and analyses the different characteristic indicators of the learning
evolution of the academic ecosystem under the three different intervention modes.

(1) Figure 7 (a)–(c) shows the distribution of researchers’ incomes and individual effec-
tiveness under the free, balanced, and average modes, yielding that: 1) under the free
mode, themajority of effectiveness values are less than 0 and the degree of involution
is severe; there is a large gap in researchers’ incomes; 2) under the balanced mode,
the proportion of effectiveness values greater than 0 increases and the degree of
involution decreases; the gap in researchers’ incomes decreases; 3) under the aver-
age mode, most of the effectiveness values are greater than 0 with the mean value
of effectiveness greater than that of the balanced mode; the incomes of different
researchers are equal, and there is no gap in researchers’ incomes.

(2) Figure 7 (d)–(g) represents the heat map of the disciplinary task distribution and the
heat map of the researcher’s trajectory for the three intervention modes, yielding:
1) the aggregation effect and the overlap between the researcher’s trajectory and the
disciplinary task are both highest in the freemode; 2) the aggregation effect occurs in
the balancedmode and there is a degree of overlap between the researcher’s trajectory
and the location of the disciplinary task distribution; 3) the colors are lighter in the
average mode, and the researcher’s movement is somewhat exploratory and random,
meanwhile, there is no overlap in the movement trajectory.

(3) By analyzing the average income, the average cost of consumption, the average
number of disciplinary tasks tackled, the average individual effectiveness, and system
effectiveness for the researchers in the three intervention modes in Fig. 7 (h)–(l), it
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can be concluded that: 1) For the average income, the average mode > the balanced
mode > the free mode. For the average cost of consumption, the three are close to
each other. For the number of tasks, the free mode > the balanced mode, and the
balanced mode is > the average mode. 2) For mitigating involution, the average
mode is > the balanced mode, and the balanced mode > the free mode; however,
the number of tasks completed by the average mode is severely reduced, making the
academic ecosystem develop slowly. 3) For system effectiveness, the balancedmode
performs best and it can ensure the continued rapid development of the academic
ecosystem while mitigating involution.

Fig. 8. The average value is calculated in the case of 10 groups of random numbers, and the
comparison chart of each.

Figure 7 analyzes the results of a single run of the experiment and shows that the
degree of involution is continually mitigated as the proportion of the researcher’s basic
income to the total income of the researchers rises, but the total number of disciplinary
tasks tackled in the whole academic ecosystem is constantly decreasing. Considering the
specificity of involution and disciplinary areas in the academic ecosystem, we chose a
balanced mode. We cannot choose the average mode that is most effective in mitigating
involution, nor the free mode that is most effective in accelerating the development of
the discipline of studying ecosystems. The advantage of the balanced mode is that it
reduces involution while rapidly developing each disciplinary area.

To verify the validity of the results of a single experiment, 10 random sets of random
numbers are randomly selected for the experiment, and the results are averaged as shown
in Fig. 8 (a)–(f). The analysis shows that: 1) in the average mode, there is randomness
in the researcher’s behavior to get more disciplinary tasks; 2) in the free mode, the
academic ecosystem has the most serious involution, which is mitigated in the balanced
model and the average mode; 3) the balanced mode can mitigate involution based on
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ensuring rapid disciplinary development of the academic ecosystem and the highest
system effectiveness.

5 Conclusion

To better analyze the decision-making processes between the regulation algorithm and
the crowd intelligence group in the SE, the CEBA model is proposed in this paper. The
above work can provide new research ideas and tools for decision-making processes
analysis of SE. For example, in the delivery industry, the delivery time of takeaway
riders is getting shorter and shorter under the intelligent regulation algorithm, while
more and more effort cannot produce any increase in income, showing an overall state
of decreasing marginal effect of involution, etc.

In future work, the CEBA will be further refined and the research will focus
on two aspects: 1) comparing artificial society agents with real crowd intelligence
groups; 2) replacing the algorithms in the analysis model with the current widely used
recommendation algorithms, etc.
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