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Abstract

Incentive mechanisms steer users in Q&A communities to achieve community goals, which
need to be cautiously reviewed and revised before actual industrial application. Simulating
incentive mechanisms is significant for predicting how changes in incentive mechanisms will
affect community emergence, such as user answering patterns. However, due to the com-
plexity of Q&A communities, the challenge faced by simulating incentive mechanisms lies in
the difficulty of establishing micro-macro connections in the communities to simulate their
emergence. To fill this gap, this paper proposes a Normative Multi-Agent System based
Simulation (NorMASS) approach to simulate community emergence. The NorMASS models
a Q&A community as a normative multi-agent system and adopts agents to formally express
community users. Moreover, the approach provides an open-source simulator with a data
generator to simulate community emergence. An evaluation of the NorMASS comparing
simulation emergence with the counterpart of an actual community demonstrates that the
proposed approach provides an effective solution for simulating incentive mechanisms of
Q&A communities, with a similarity of 80% or above.

1. Introduction

Question and answer (Q&A) communities such as Stack Overflow.com (SO) that rely heavily
on their users to contribute massive amounts of content lead to great success. In these commu-
nities, their managers need to formulate and implement incentive mechanisms such as reputa-
tion, badge, and privilege to meet a range of objectives, including encouraging users to
participate more. These incentive mechanisms need to be cautiously reviewed and revised to
align them with community goals before actual industrial application.

Simulating the incentive mechanism is significant for predicting the impact of an incentive
mechanism reform and adjustment and making sure that such a change is a boost to the com-
munity. In Q&A communities, this type of simulation generally belongs to equation-based
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modeling (EBM) [1]. EBM applies a set of statistical or mathematical equations at the macro
level to articulate the relationships between communities’ incentive mechanisms and their
macro phenomena (e.g., user answering patterns) [2, 3]. The simulation results are indicative
of how the incentive mechanisms would affect actual communities at the macro level. For
example, Gao et al. [4] use a game-theoretic model that simulates and predicts Q&A commu-
nity users’ answering-voting pattern under the presence of a reputation mechanism. Goes

et al. [5] draw on goal-setting and status hierarchy theories to examine the effect of a status-
based incentive hierarchy on user contributions in online knowledge exchange. Jing et al. [6]
construct a fixed-effect specification-regression model to explore the moderation effects of
monetary incentives on physician behavior. Papoutsoglou et al. [7] used multivariate cluster
analysis to model and simulate the effect of the badges gamification mechanism on personality
traits.

However, existing EBM approaches, e.g., the game-theoretic model [4], the regression
model [6], and the hidden Markov model [8], are difficult to establish micro-macro connec-
tions in the communities to simulate their macro phenomena because Q&A communities are
typical complex social-technical systems [9]. Q&A communities are a kind of virtual space
where massive autonomous users scattered in different regions conduct questioning and
answering with the support of network information technology [10]. The users are heteroge-
neous, owning different reputations, preferences, behavior patterns. There exist massive non-
linear interactions and relationships in these communities. For example, users may make
multiple decisions, including answering and voting, on peers’ questions. These massive inter-
actions can result in special macro phenomena that cannot be simply derived from the sum-
mation of individuals’ behaviors, which we call emergence [11]. Besides, in EBM approaches,
the characteristics of a population are generally averaged [12]. Thus, the approaches using a
homogeneous population undergo problems describing the nonlinear interactions among
massive heterogeneous community users and the resulting emergence [13-15].

Considering the challenges above, we develop a bottom-up modeling approach named Nor-
MASS (Normative Multi-Agent System [16] based Simulation) for simulating the incentive
mechanism of Q&A communities in this paper, focusing on reputation mechanisms. These
mechanisms are among the most used incentive mechanisms adopted by Q&A communities,
providing users with virtual points that display skills and achievements in these communities
[5]. Reputation mechanisms distinguish the set of users as “status classes” that grant them
some privileges to access more content based on particular metrics [17, 18]. In the rest of this
paper, we, therefore, take incentive mechanism to mean “reputation mechanism”.

We adopt a normative Multi-Agent System (MAS) based modeling approach in this paper
for several reasons. First, the normative MAS approach can naturally represent heterogeneous
autonomous individuals in communities. Hence, it can simulate nonlinear interactions among
individuals at the micro level and the resulting emergence at the macro level [19, 20]. Next, the
approach allows fine-tuning of parameters to explore the impact of specific incentive mecha-
nisms on community emergence [21]. Finally, as normative MAS based approaches being gen-
erative, we can easily establish the causality for specific incentive mechanisms and community
emergence [13, 22].

In summary, this work makes the following contributions:

1. Normative MAS-based formal simulation model. We use a normative MAS to represent
Q&A communities. It explicitly represents active agents (community users), passive objects
(e.g., questions and answers), and norms (incentive mechanisms) in the system. This for-
malism articulates the role of the NorMASS in simulating the micro Q&A process, incen-
tive regulation, and macro emergence.
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2. Formal representation of agents in NorMASS. We design a set of formal formulas to
express agent characteristics according to users’ statistics of the real world. This enables us
to specify the characteristics of heterogeneous agents’ attributes and behaviors in our nor-
mative MAS-based approach.

3. Design and derivation of simulation data generator. We propose a data simulation algo-
rithm and develop a simulation data generator based on community users’ statistical infor-
mation to overcome the lack of complete and real community data, or to save the time and
effort for data gathering.

4. Development of the open-source incentive mechanism simulator. We develop an open-
source incentive mechanism simulator that enables us to compare simulation emergence
with the counterpart of the real community to evaluate the NorMASS (https://www.github.
com/snryou/NorMASS).

The remainder of the article is organized as follows. Section 2 introduces the related work.
Section 3 describes an exemplar problem of the Stack Overflow community. Sections 4 and 5
describe our NorMASS and its evaluation, respectively. Section 6 concludes the paper.

2. Related work
2.1. Emergence simulation

Our work is closely related to the use of the Agent-Based Modeling (ABM) approach for study-
ing the emergence of virtual communities. Gatti et al. [23] developed an agent-based model to
examine message diffuse patterns of users in Micro-blogging communities. Yu et al. [24]
adopted the agent simulation method to explore the impact of the strategy for answering
diverse selection questions on website performance by users of varied types. Erik et al. [25]
adopted an ABM method to simulate the knowledge cooperation behavior of users in the
Q&A community of SAP (https://answers.sap.com). Jiang et al. [26] used an ABM method to
simulate the impact of click position on user answer behavior.

These studies discuss user attributes (e.g., activity and preference) and interaction rules,
providing suggestions for our model design. Our work differs from the literature above in that
our simulation of emergence takes into account the factor of incentive mechanisms.

2.2. Modeling social norms

Our work is also related to the literature on modeling social norms. Aldewereld et al. [27] pre-
sented the concept of group norms to regulate three sets of agents. Viana et al. [28] created a
model language to support the systematic design of adaptive normative multi-agent systems.
Brito et al. [29] situated norms in a hybrid, interactive, normative multi-agent system to pro-
vide a context-aware crisis regulation. Bulling et al. [30] proposed a concrete executable speci-
fication language to study and analyze the effect of norms and sanctions on the behavior of
rational agents. Dell’Anna et al. [31] proposed a runtime mechanism for the automated revi-
sion of norms to control and coordinate the behavior of individual agents in multi-agent
systems.

Our work differs from the literature above in that our work focuses on modeling social
norms (e.g., incentive mechanisms) from the real world, not a conceptual multi-agent system.

3. Exemplar problem description of SO

The Stack Overflow community (SO community) can be represented in Fig 1. The community
we study has tens of millions of users and posts (questions and answers), and hundreds of
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Incentive Mechanism Emergence

Reputation

Fig 1. Schematic of the SO community. The symbols u, g, and a represent the community user, the question, and the
answer, respectively. Edges between users and posts represent interactions (questioning, answering, and voting), while
edges between posts represent the correlations between a question and its answers. The interactions between users are
nonlinear under the regulation of SO incentive mechanisms. These massive nonlinear interactions lead to the SO
macro emergence.

https://doi.org/10.1371/journal.pone.0281431.9001

millions of user-post interactions over a 32-month window from Jan. 2017 to Sep. 2019. User
interactions are indirectly achieved through their posts. For example, a user may create a ques-
tion, and others create answers to the question. In addition, the quality of the question and its
answers is evaluated by peers’ voting (upvoting and downvoting) in SO.

The interaction among users can influence their reputation points according to the SO rep-
utation mechanism (https://stackoverflow.com/help/whats-reputation), as shown in Table 1.
For example, the community rewards a user with ten points when his/her question receives an
upvote. In contrast, it may be punished by deducting two points for a downvoted question.
Meanwhile, a voter may be inflicted a penalty of one point in order to ensure it votes down a
low-quality question only. SO users are heterogeneous and have different attributes (e.g. repu-
tation, preference), thus the interactions among them are nonlinear. For example, users may
make several decisions to questions of different answer numbers for obtaining more reputa-
tion. These massive non-linear interactions can lead to SO macro emergence.

It is necessary to predict community emergence resulting from incentive mechanism
reform to avoid adverse side effects. For example, Stack Overflow reformed its reputation
mechanism by uplifting the reward points for upvoted questions on Nov. 13, 2019, and the

Table 1. Reputation update rules in SO.

Rule Action Reputation change
1 Question is upvoted +10 to owner

2 Question is downvoted -2 to owner

3 Answer is upvoted +10 to owner

4 Answer is downvoted -2 to owner

5 Downvote an answer -1 to voter

https://doi.org/10.1371/journal.pone.0281431.t001
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mechanism reform has been widely debated (https://meta.stackoverflow.com/questions/
391250/upvotes-on-questions-will-now-be-worth-the-same-as-upvotes-on-answers). Some
users did not agree with the incentive mechanism reform and declared reducing their answer-
ing or even leaving the community. Thus, communities need to minimize the negative effects
due to mechanism reforms. To facilitate decision-making on reforming incentive mechanisms,
it is necessary to build a decision support model. One such risk assessment model can promote
community managers in daily operations by inferring the risk of each incentive mechanism
and deciding which incentive mechanism to use.

4. NorMASS
4.1. Overview

Fig 2 illustrates the proposed approach NorMASS. In Step 1, Modeling incentive mechanisms,
we describe the incentive mechanisms by interpreting the web pages of SO incentive mecha-
nisms (https://stackoverflow.com/help/whats-reputation). The step produces two outputs.
One is a QA model of the incentive mechanism context abstracted as a MAS-based model.
Another is a mechanism model expressing the realization of the incentive mechanism employ-
ing the form of first-order logic.

In Step 2, we enrich the QA model using the statistical data of community users, on which
the mechanism simulation needs to be executed. We collect this information by applying sta-
tistics to the actual community data set. Our proposed formula provides a theoretical basis for
the establishment of the rationality of the model for capturing the statistical characteristics of
community users.

In Step 3, based on this statistical information, we design a reasonable algorithm for data
collecting and generate the required simulation data in the following steps. The data is

Relevant web pages First-order logic symbols Q&A community data

v,3,()

AV s,
(T T T T T T T T T T T L _________________ \
| e : — I
| @Modelmg incentive @ Specifying QA) |
| . i ST |
I mechanisms QA model model with statistics :
| A v |
I : 3 |
: N ® Developing 55 :

A hani imulat
: . | echanism simulato Speciiiad :
| Mechanism v v QA model |
| |
| o Mechanism (3 Generating |
: simulator simulation data :
I I
| I
I A % () Capturing |
: 0 DD simulation emergence :
|\ Simulation result Simulation data /'

Fig 2. Simulation approach overview.

https://doi.org/10.1371/journal.pone.0281431.g002
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employed by the simulator in Step 5 to simulate the state of the real community on a specific
date.

In Step 4, Developing mechanism simulator, we develop an incentive mechanism simula-
tion system based on the proposed model for running the simulation in Step 5.

In Step 5, we run the incentive mechanism simulator on the generated data to capture
macro emergence that is used to evaluate the performance of our approach.

We produce an open-source reusable tool that can present simulation results to the user to
check against the impact of incentive mechanisms on the real community. If the results are
inconsistent, the incentive mechanism model can be modified and the simulation process
repeated. Furthermore, with the tool, community managers and practitioners can compare the
simulation results of multiple incentive mechanisms on the same simulation data to choose
the incentive mechanism best aligning with the real community’s goals.

4.2. Modeling incentive mechanisms

To execute incentive mechanism analysis, incentive mechanisms need to be precisely inter-
preted and expressed. For this reason, we develop a normative MAS-based modeling approach
for specifying community incentive mechanisms. The approach yields two main outputs, as
presented in Fig 2: a QA model and a mechanism model. The representations are written in
the first-order logic.

We consider the reputation mechanism of SO as an example. As shown in Table 1, when a
user’s posts are voted up by its peers, certain reputation is gained on the part of it. Otherwise,
certain reputation is lost on its part. Hence, we can conclude that a Q&A community consists
of users, their posts, and a set of incentive rules. Based on the idea of normative MAS, we
model a Q&A community as a tuple NMAS=<QA, NORM>, in which, NMAS represents a
Q&A community, NORM and QA represent the incentive mechanism and its context in the
community, respectively.

4.2.1. QA model. The objects regulated by an incentive mechanism are community users
and their environment. Thus we model the context of incentive mechanisms in Q&A commu-
nities as QA=<AG, POST>. Here, AG is the set of autonomous agents that represent Q&A
community users. Each agent (ag€ AG) has its own unique attributes and some behaviors
including creating posts. The environment of agents refers to the context agents interact. The
interactions among community users are based on their posts. Thus we define the environ-
ment of agents as POST which represents the set of posts of agents.

Agent attributes. We focus on users’ attributes related to incentive mechanisms, including
reputation, posting and voting activeness, questioning preference, and voting preference. In
addition, users follow incentive rules to participate in the community. Accordingly, we define
an agent ag as a tuple ag=<rep, pac, vac, qr, ur, RULE> where

« rep is an agent’s reputation. Just like in a real community, an individual’s reputation is not
less than one, i.e. rep>1.

« pacis the average number of agent ag’s daily posts, which represents the agent’s posting
activeness. Here, pac>0.

o vac is the average number of agent ag’s daily votes, which represents the agent’s voting
activeness. Here, vac>0.

o qris an agent’s question rate that indicates the agent’s questioning preference. It is measured
by the rate of the agent’s questions to its total posts (questions and answers). Here, qgr|0, 1].
Accordingly, the agent’s answer rate is 1-gr.
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o uris an agent’s upvote rate that indicates the agent’s upvoting preference. It is measured by
the rate of the agent’s upvotes to its total votes (upvotes and downvotes). Here, ure|0, 1].
Accordingly, the agent’s downvoting rate is 1-ur.

o RULE represents the behavior rules followed by agents as introduced in Section 4.2.3.

4.2.2. Environment of agents POST. The environment of agents POST is the union of
agents’ question set and answer set, i.e. POST=QUA, where Q and A represent agents’ question
set and answer set, respectively. For each post p€ POST, we define p=<type, ag> where

« type is the type of post p. Here, typec [0, 1]. 0 and 1 represent a question and an answer,
respectively.

o ag is the agent creating post p.

In addition, there are some relations between questions and answers in POST. Here, we use
QRA={<q, a>|geQANa€cA} to represent the relations between questions Q and answers A. <g,
a> represents an answer a in A is the answer of a question g in Q.

4.2.3. Agent interaction rule set RULE. In this paper, we focus on five types of agent
behavior related to their reputation: answering, upvoting, downvoting, and updating. Accord-
ingly, we define five rules to constrain agents’ behavior. To explain our defined rules and
semantics in NMAS, we make use of some symbols that are shown in Table 2. In addition, we
use R and Z to indicate the sets of reals and integers, respectively.

o Questioning rule. Q&A community users ask questions for seeking information on solving
their technology problems. Here, we use pq to represent the extent of agent ag’s current
demand for information. ag’s question rate gr denotes the overall degree of ag’s demand for
information, which can be treated as a threshold. As shown in Eq 1, when ag’s pq is greater
than its question rate gr, the agent asks a question.

Vag € AG3pq,qr € [0,1]3g € Q

(PQ(ag, pq) N QR(ag,qr) A (pq > qr) — CR(ag,q)). (1)

Table 2. Predicts of the proposed model.

Predicts Definitions

CR(ag, p) Post p is created by agent ag.

DV(ag, p) Agent ag downvotes post p.

PA(ag, pa) Agent ag’s answering probability is pa.

PQ(ag, pa) Agent ag’s questioning probability is pqg.
PD(ag, pd) Agent ag’s downvoting probability is pd.
PU(ag, pu) Agent ag’s upvoting probability is pu.

PAC(ag, pac) Average number of agent ag’s daily posts is pac.
QR(ag, qr) The question rate of agent ag is gr.

REP(ag, rep) The reputation points of agent ag is rep.

RE(ag, pt) Agent ag earns pt points.

UV(ag, p) Agent ag upvotes post p.

VAC(ag, vac) Average number of agent ag’s daily votes is vac.
UR(ag, ur) The upvote rate of agent ag is ur.

https://doi.org/10.1371/journal.pone.0281431.t002
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+ Answering rule. Similar to the questioning rule, when agent ag’s current answering proba-
bility pa is greater than its answer rate 1-gr, agent ag answers a question. The answering pat-
tern of agents is described as Eq 2.

Vag € AG3pa,qr € [0,1]13g € Qa € A

(PA(ag,pa) A QR(ag,qr) A (pa > 1 — qr) — CR(ag,a) A (< g,a >€ QRA)). (2)

Upvoting rule and downvoting rule. We assume that if an agent’s current upvoting proba-
bility pu is equal to or greater than its upvote rate ur, it upvotes a post. In contrast, if an
agent’s current downvoting probability pd is equal or greater than 1-ur, it downvotes the
post. The voting rules are described as Eqs 3 and 4.

Vag € AG3pu,ur € [0,1]3p € POST
(PU(ag,pu) A UR(ag, ur) A (pu > ur) — UV (ag,p)). (3)
Vag € AG3pd, ur € [0,1]3p € POST

(PD(ag,pd) A UR(ag,ur) A (pd > 1 — ur) — DV(ag,p)). (4)

Updating rule. Steered by incentive mechanisms, community users’ internal or external
motivation strength changes with their reputations. For example, higher reputation users are
more willing to vote on others’ posts than lower peers [32]. Hence, we assume that when an
agent earns or loses some points pt, it automatically updates its attributes, as shown in Eq 5.
Here, pt is an integer. f>, f3, f4, and fs are some formulas for evaluating the effects of users’
reputations on their other attributes.

Vag € AG3rep > 13pac,vac > 03gr,ur € [0,1]3pt € Z

REP(ag, rep) A PAC(ag, pac)A REP(ag, rep + pt) A PAC(ag, f,(rep + pt))A
VAC(ag,vac) A QR(ag,qr)\ | — | VAC(ag,f;(rep + pt)) A QR(ag,f,(rep + pt))A . (5)
UR(ag, ur) A RE(ag, pt) UR(ag, f;(rep + pt))

4.2.4. Mechanism model. From the insights of the community incentive mechanism
described in Table 1, we define two norms in NORM: reward norm and penalty norm.

« Reward norm. As shown in Eq 6, when agent ag; votes up post p of agent ag,, they are
rewarded pt; and pt, points, respectively.

Vag,,ag, € AGIp € POSTVpt,,pt, € Z

(UV(agl,p) A CR(agz,p) - RE(angtl) A RE(ag27Pt2))' (6)
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o Penalty norm. On the contrary, when agent ag; votes down post p of agent ag,, they are
penalized pt; and pt, points, respectively (see Eq 7).

Vag,,ag, € AG3p € POSTVpt,,pt, € Z

(DV(ag,; p) A CR(ag,, p) — RE(ag,, pt;) A RE(ag,, pt,)). (7)

4.3. Specifying QA model with statistics

In this section, we present some equations to enrich the QA model from three aspects: agent
reputation distribution, the relations between agents’ reputation and the other attributes, and
agents’ behavior probability. The statistics for specifying the QA model come from our obser-
vation of Q&A communities and some other researchers’ reports.

Our analysis of Q&A community users’ characteristics is based on data collected from the
language communities of Stack Overflow whose users are aggregated. The questions of Q&A
communities are generally tagged with program languages such as Java and Python [33].
These tags partition a Q&A community into different language communities where intra-
group interactions are more frequent than inter-group interactions [34], reflecting the aggre-
gation of users. This structure of the Q&A community enables us to explore more conveniently
and accurately the characteristics of the whole Q&A community with its certain language com-
munity [35]. Hence, we specific agents’ attributes and behaviors characteristics by analyzing
users’ attributes and behavior of the Java language community of SO where there is a rich
offering of user data. The data are from the SO community between December 2008 and Sep-
tember 2019.

4.3.1. Expressing agent reputation distribution. The success of Q&A communities
depends mainly on the contribution of a small number of expert users owing to a high reputa-
tion, while most of users have a low reputation due to fewer contributions [36, 37]. As shown
in Fig 3, the distribution of SO users with different reputations obeys a power-law distribution
based on our observation from SO data. Thus, we use Eq 8 to describe agent reputation distri-
bution. Here, f;(rep) is the number of agents with rep points. The parameters a; and b; are two

o o

percent of users

L

0 2000 4000 6000
reputation

Fig 3. SO users’ reputation distribution.

https://doi.org/10.1371/journal.pone.0281431.g003
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reals that fit the distribution, i.e., a;, b;€R.

fi(rep) = a, x rep™. (8)

4.3.2. Expressing agent attribute relationship. Contribution activeness. Movshovitz-
Attias et al. [38] found that users of higher reputations create more posts than users of lower
reputations on average. From the upper left of Fig 4, we can see that the SO users’ daily posts
increase with their reputation points. The same applies to users’ voting, as shown at the bottom
left of Fig 4. Thus, we use Eqs 9 and 10 to describe the relations between agents’ reputation and
activeness in contribution. Here, a,, b,, az, b;€R.

f,(rep) = a, x rep + b,. 9)

fi(rep) = a, x rep + b,. (10)

Contribution preference. From the right part of Fig 4, we can see SO users’ question rate and
upvote rate decrease with their points. Therefore, we use Eqs 11 and 12 to describe the rela-
tions between agents’ reputation points and contribution preference. Here, ay, by, as, bs€R.

fi(rep) = a, xrep + b,. (11)

f(rep) = a; * rep + b,. (12)

We acknowledge that linear equations do not fit the relationships between users’ attributes
very well. However, they can reflect the general trends of the correlations between users’
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Fig 4. The relationship between SO users’ attributes.

https://doi.org/10.1371/journal.pone.0281431.g004
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attributes, sufficient to meet our needs for simulating the effects of a reputation mechanism on
its community.

4.3.3. Expressing agent behavior probability. Users’ behavior probability represents the
extent of their current needs. Information need is found to be the most important motivation
for users to ask questions [39]. While users’ voting is considered a response due to reciprocity
[40]. Both behaviors are stochastic and least affected by incentive mechanisms. Thus, we
employ some random numbers between 0 and 1 for expressing two users’ behavior probabili-
ties at a certain time, i.e. pg, pu € [0, 1].

Differently, agents’ current answering probability is determined by the attributes of the
question they intend to answer. Based on Yang et al.’s work [32], users are significantly regu-
lated by the reputation mechanism to answer questions. The more answers a question has, the
more difficult a user receives upvotes and points on the part of a user, it is less probable that
the user answers. Apart from that, according to [41], the more delayed a user’s answer to a
question, the less probable it is that it receives upvotes and points, and it is less probable that
the user answers. Here, we use the function pan(n) to describe an agent’s current probability
of answering a question having n answers, and the function pat(f) to represent an agent’s cur-
rent probability of answering a question asked t days ago. The time length of a question is also
called question-age. Thus, an agent’s current probability of answering pa can be measured by

pan(n)*pat(t).

4.4. Generating simulation data

In this section, we design a reasonable algorithm to generate the required simulation data for
two reasons. One is that access to real data is partly restricted in Q&A communities. For exam-
ple, it is difficult to obtain complete voting information from SO. In addition, when a new
incentive mechanism is being introduced, there may be no real data for simulation. Another is
that the simulated data enables fast and efficient experiments, saving the time and effort for
data gathering. An overview of this process is shown in Fig 5. The inputs for the process are a
QA model specified with the equations of Section 4.3 and the incentive mechanism to simu-
late. The parameters related to Eqs 1-5 in the process are determined by the statistics of the
simulated community. First, we use Eq 1 to generate the distribution of agents of different rep-
utations. Here, the total number of agents is determined by the user number of the real com-
munity. Second, we modify some other attributes such as post-activity pac based on Eqs 2-5.
Finally, we generate a mechanism instance and use it to check agent attributes. For example,
an agent’s reputation is not less than one.

Specified QA model Mechanism model

L T R R S R S R —— /S ——

o —— —

|(1) Generateagent | (2)Modify |[(3) Instantiate — Mechanism |

|| reputation distribution | agent attributes || mechanism rules —— | Instance :

l A

1 l :

| D N Y ’

(8 g8 | (8 &7 | (4)Che \Simulat

[ & & r agent attribute |Snnulatlon data
\  Agent distribution Modified agent distribution /I
T S R P,

Fig 5. Overview of simulation data generation.

https://doi.org/10.1371/journal.pone.0281431.g005
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Algorithm 1 : Simulation Data Generation

Input: (1) QA; (2) PT; (3) agNum
Output: AG, NORM

I: AG « 0

2: rep « 0

3: aNum — agNum

4: while aNwum > 0 do

5: rep —rep+1

6: repNum « cal(rep,agNum, QA)
15 if repNuwm > 1 then

8: repAg «create(repNum,rep)
9: aNum «— aNum - repNum
10: else
11: repAg «create(l,random(MAXPOINT))
12: aNum «— aNum -1
13: end if

14: AG «— AG UrepAg
15: end while

16: AG e—modify(AG, QA)
17: NORM «instance(PT)
18: AG «check(AG, NORM)
19: return AG. NORM

Fig 6. Simulation data generation.

https://doi.org/10.1371/journal.pone.0281431.9006

The simulation data generation algorithm is shown in Fig 6. The algorithm takes the follow-
ing inputs: (1) the specified QA model QA. (2) Reputation mechanism parameter set PT. (3)
the number of agents agNum. The algorithm has four main parts as explained below.

1. Generate agent reputation distribution (L. 1-15). Lines 1-3 initialize the related parame-
ters. Lines 5-9 calculate agent numbers with different reputations (less than 200) and create
them. Lines 10-11 crate randomly few agents of high reputation that represent the expert
users of Q&A communities.

2. Modify agent attributes (L. 16). After creating the agents, we modify their attributes using
Eqgs 2-5 in the specified QA model.

3. Instantiate mechanism rule (L. 17). The algorithm instantiates the mechanism model by
using the input point set PT.

4. Check agent attributes (L. 18). After modifying the agents’ attributes, we check whether
their attributes are reasonable. For example, agents’ reputations are not less than 1 and their
qr, ur are not greater than 1.

4.5. Developing mechanism simulator

Our mechanism simulator is based on the multi-agent modeling framework NetLogo [42].
Having been implemented, the simulator is shown in Fig 7. Little white figures are turtles that
represent autonomous agents of NorMASS. The turtles are a type of active entity capable of
asking questions, answering and voting, as well as updating their own states. The blue blocks
represent questions and the red blocks represent answers. These blocks are a kind of passive
entity (patches) representing the environment of the turtles, which can only be created and
modified by turtles without their own behavior.
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Fig 7. The developed incentive mechanism simulator.

https://doi.org/10.1371/journal.pone.0281431.9007

The algorithm of the incentive mechanism simulator is shown in Fig 8. The inputs of the
algorithm are (1) agent set AG, (2) the simulated incentive mechanism instance NORM, (3)
new agent join rate joinRate, and (4) the max simulation ticks maxTicks. AG and NORM are
from the generated simulation data. The parameters joinRate and maxTicks are determined by

Algorithm 2 : Mechanism Simulator
Input: AG,joinRate, NORM, maxTicks
Output: AG, POST

l: tick + 0

2: POST 0

3: while tick < maxTicks do

4: AG +— AG U newAgent(joinRate)

5 for ag € AG do

6: POST « contribute(ag, POST, NORM)
T end for

3: tick « lick + 1

9: end while
10: return AG, POST

Fig 8. Mechanism simulator.

https://doi.org/10.1371/journal.pone.0281431.g008
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Algorithm 3 :Agent Contribute Procedure
Input: ag, POST, NORM
Output: POST

1: if pg > ag.qr then
2 q <+crateQuestion(ag)
3 POST « POST Uq
4: else
.3.
6
7

q + select a question from POST

if pan(g.n)*pat(q.t)> 1 — ag.qr then
; a +createAnswer(q)

8: POST + PostUa

9: end if

10: end if

11: if pu > ag.ur then

12: p « select a post from POST
13: upvote(p)

14: reward(ag,owner(p), NORM)
15: else

16: p < select a post from POST
17: downvote(p)

18: penalty (ag.,owner(p),NORM)
19: end if
20: return POST

Fig 9. Agent contribute procedure.

https://doi.org/10.1371/journal.pone.0281431.g009

the users’ growth rate of the real community and the days of the simulated community, respec-
tively. Lines 1-2 initialize agents’ environment. Line 4 represents new agents continuously
joining the simulator. Lines 5-7 represent the agents’ contribution process as described in
detail in Fig 12. The simulation times are limited by Lines 3 and 8.

The inputs for Fig 9 are contributor ag, its environment POST, and the incentive mecha-
nism NORM. Lines 1-3 describe the questioning procedure of ag. Lines 4-11 describe the
answering procedure of ag. Here, the functions pan(n) and pat(t) denote an agent’s probability
of answering a question having n answers and a question created ¢ days ago, respectively. Lines
12-17 and Lines 18-24 describe ag’s upvoting and downvoting process, respectively.

The source code, the full simulation results in summary and the case studies used for its
evaluation are available at the GitHub site (https://www.github.com/snryou/NorMASS).

4.6. Capturing simulation emergence

In this step, we run the developed simulator to capture the emergences on the generated simu-
lation data, which are related to community macro attributes or behavior characteristics, as
shown in Table 3.

5. Experimental evaluation

To evaluate our proposed approach, we use the approach to simulate the Stack Overflow
incentive mechanism.

5.1. Research questions

To evaluate the performance of the proposed approach, we intend to answer the following
questions.
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Table 3. Simulation emergence.

Emergence Description

reputation Distribution of users with different reputations.
daily-posts Daily posts of users with different reputations.
daily-votes Daily votes of users with different reputations.
question-rate Question-rate of users with different reputations.
upvote-rate Upvote-rate of users with different reputations.
daily-questions Daily questions of users with different reputations.
daily-answers Daily answers of users with different reputations.
daily-upvotes Daily upvotes of users with different reputations.
daily-downvotes Daily downvotes of users with different reputations.
fast-answers Distribution of answers of different question ages.
question-distribution Distribution of questions of different answer numbers.

https://doi.org/10.1371/journal.pone.0281431.t1003

RQ1: How well does the data we simulate reflect the real data? One should be able to run
the incentive mechanism model on generated data that reflect the characteristics of the real
community. RQ1 aims to determine if the simulation data reflect the fundamentals of the
real community.

RQ2: How well our proposed model reflects the incentives of the community? A fundamen-
tal but important requirement of our simulations is that the simulated effect should be in
alignment with those observed through the real community. The goal of RQ2 is to provide
confidence that our simulation can reproduce the macro emergence of the real community,
including users’ attributes, the quantity of contribution, and the speed of contribution.

RQ3: How consistent can we keep the simulation performance across different language
communities? Our simulation is performed across different language communities. While
different communities will inevitably perform differently in simulation due to differences
in data, we would expect great consistency in simulation performance using data from dif-
ferent communities. If the performance across different communities is mostly consistent,
we can believe that the simulation results are meaningful. The goal of RQ3 is to measure the
level of consistency in the simulation performances of incentive mechanisms across differ-
ent language communities.

5.2. Evaluation methodology

5.2.1. Case studies. We consider the reputation mechanism of Stack Overflow between
Jan. 2017 and Sep. 2019 as our case study, as shown in Table 1. In addition, we downloaded
the data of the top five language communities of SO from the brentozar website (http://www.
brentozar.com/archive/2015/10/how-to-download-the-stack-overflow-database-via-
bittorrent/). The number of posts and users in the language communities on Jan. 1st 2017 is
shown in Table 4.

Table 4. Top 5 language communities of SO on 1 January 2017.

Language Post User

JavaScript 185,232 65,441
Python 158,593 45,401
Java 127,990 47,084
C# 96,268 35,452
PHP 88,438 31,910

https://doi.org/10.1371/journal.pone.0281431.t1004
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5.2.2. Experimental setup. In response to the RQs, we ran the developed simulator over
simulation data. The reputation rules of the simulator are the same as those of SO. The number
of agents is one percent of the actual community users on Jan. 1st, 2017. Agent participation
rate joinRate is the daily user growth rate. The simulation ticks max-ticks denote the days from
Jan. 1st, 2017 to Sep. 1st, 2019, i.e. 973.

After the simulator runs, new agents continuously join the system and diverse agents con-
tribute according to their behavior rules. Finally, we capture the emergence of the system. To
smooth out stochastic errors, we replicate the simulation of each community 5 times using the
simulation data. The experiment was performed on a computer with a 2.4GHz dual-core pro-
cessor and 32GB of memory.

5.2.3. Evaluation metrics. Being a good fit for the actual community, the proposed model
demonstrates its strong prediction potential. To evaluate the proposed model, we compare the
emergence of the simulator with the counterpart of SO under the same reputation rules. The
comparison is measured by the correlation and approximation between them. Let S and M be
the emergence of SO and of the simulator, S; and M; be their ith components, respectively. We
evaluate the performance of the proposed model based on Egs 13-15.

Eq 13 may be solved for Pearson Correlation Coefficient (pcc) between two datasets. In
other words, the similarity of their data trends can be determined [43]. Eq 14 describes the
average value approximation (ava) between them. The greater ava of two datasets, the closer
their values. Eq 15 integrates the effect of the two metrics. The greater the index sim, the better
the fit of the proposed model.

Z?:I(Si_SxMi_M) ) (13)

pee(S, M) =
(5, — 8/ (M, - 1)’
ava(S, M) =1 — %Z?l% (14)
sim(S, M) — pec(S, M) + ava(S, M) . (15)

2

5.3. Result

RQ1. To answer RQ1, we first collect user attribute data from the five language communities
of Stack Overflow on reputation, daily post activity, vote activity, question rate, and upvote
rate distribution. Then, we run the data generator five times for producing simulation data for
per community and average them for analysis. The number of agents is one percent of the
users of per actual community on Jan. 1st, 2017. Finally, we use the metric of Eq 8 to compare
their difference

Fig 10 presents similarities between the individuals’ attributes simulation. As indicated,
their similarities are all greater than 0.85 for agents generated by the simulation data algorithm.
Among them, the pac attribute has the highest simulation similarity, all of which are above
90%. The user questioning preference of PHP community (gr) has the smallest, about 85%.
The result shows a close agreement between the simulation data and the real users across the
five attributes considered.

Answer to RQ1: The analysis demonstrates that the data produced by the simulation data generator accurately
reflects the fundamentals of the real community.

https://doi.org/10.1371/journal.pone.0281431.t1005
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Fig 10. Experimental data consistency analysis. The abscissa represents the number of agents generated, which is one
percent of the number of users of per actual community. The ordinate represents the similarities between the
individuals’ attributes simulation in different communities.

https://doi.org/10.1371/journal.pone.0281431.9010

RQ2. To answer RQ2, we reproduce the emergence of the Java language community
between Jan. 1, 2017, and Sep. 1, 2019, including user attribute, answer pattern, and activeness
in contribution. As shown in Fig 11, community users are distributed according to the power
law. Most of them have a reputation point of less than 10, and very few have a reputation point
greater than 120. Our model fits SO user distribution very well (sim =0.971).

The left part of Fig 12 shows the simulation of SO users’ daily posts and votes. Both demon-
strate individuals can be significantly stimulated by their reputation mechanisms. Their simu-
lation similarities reach 0.901 and 0.869, respectively. Our simulation also adequately
reproduces the question rate and upvote rate of SO users with different reputation points, as
shown on the right of Fig 12. Individuals with higher reputation points exhibit less answering
and upvoting behavior than individuals with low reputation points in the two systems. The
similarities between them are all 0.937, respectively.
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Fig 11. User reputation distribution simulation.

https://doi.org/10.1371/journal.pone.0281431.g011
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Fig 12. User attribute emergence simulation.

https://doi.org/10.1371/journal.pone.0281431.9012

In detail, our simulation effectively reproduced the emergence of SO users’ contribution
behavior, including questioning pattern, answering pattern, upvoting pattern, and downvoting
pattern. As shown in Fig 13, individual contribution behavior increases with individuals’ repu-
tation points in the two systems. Moreover, individuals of lower reputations seldom answer
questions in the two systems. By contrast, individuals of higher reputations create more
answers in the two systems on average. Driven by the reputation mechanism, individuals are
more likely to vote up posts than to vote down them. The similarities of the simulation of
users’ contribution behavior are all greater than 0.85.

In Fig 14, we can see that individuals’ answering behavior is greatly influenced by question
age and the number of answers to questions faced questions for earning more points. The
more recent a question is asked and the fewer answers it has, the more individuals are willing
to answer the question. The similarities between the two systems are 0.941 and 0.895,
respectively.
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Fig 13. Contribution activeness simulation.

https://doi.org/10.1371/journal.pone.0281431.9013
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Fig 14. Response speed and answer distribution simulation.

https://doi.org/10.1371/journal.pone.0281431.9014

Answer to RQ2: As shown in Figs 11-14 we reproduced eleven emergences on Java language community of Stack
Overflow under the incentive mechanism. Their similarities of simulation are all greater than 0.8. These results
suggest that our reproduced emergence is highly approximate to the emergence of the actual community. Thus our
proposed model and developed simulator are adequately effective. The proposed model has the potential to simulate
the effects of an incentive mechanism on its community.

https://doi.org/10.1371/journal.pone.0281431.t1006

RQ3. To check the consistency of simulation effects across different language communities,
we generated simulation data in accordance with the number of users of five language commu-
nities on Jan 1, 2017 and ran the simulator to reproduce their emergence. Table 5 shows the
results, with Mean, Max, Min, and Std. Dev denoting the mean, maximum, minimum, and
standard deviation of similarities for the different communities. All similarities of simulations
for different language communities are greater than 0.8 and all the deviations are less than
0.06. The summary thus provides us confidence in the consistency of the simulation results
across different communities.

It should be noted that there are alternative or complementary approaches for testing the
similarity such as information entropy-based metrics [44] and the mean relative error criterion
[45]. In view of the definite results from the similarity test (sim > 0.8 everywhere), we did not
perform further tests.

Answer to RQ3: The result in Table 5 gives evidence that the proposed approach can keep consistent simulation
performance across different language communities.

https://doi.org/10.1371/journal.pone.0281431.t008

Table 5. Simulation result on the five communities.

Emergence Mean Max Min St. Dev
reputation 0.919 0.971 0.815 0.058
daily-posts 0.892 0.904 0.879 0.011
daily-votes 0.866 0.871 0.854 0.007
question-rate 0.892 0.937 0.832 0.043
upvote-rate 0.946 0.956 0.937 0.009
daily-questions 0.867 0.878 0.852 0.013
daily-answers 0.911 0.916 0.905 0.004
daily-upvotes 0.864 0.869 0.851 0.007
daily-downvotes 0.867 0.882 0.858 0.010
fast-answers 0.939 0.943 0.935 0.003
question-distribution 0.889 0.902 0.866 0.016

https://doi.org/10.1371/journal.pone.0281431.t1007
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6. Conclusion

In this work, we proposed a normative MAS-based approach for simulating incentive mecha-
nisms. The approach (NorMASS) includes a normative MAS-based formal simulation model,
the formal representation of agent behaviors, an automated simulation data generator, and an
open-source tool to provide the basic prototype model for reusing. Using a reputation mecha-
nism from Stack Overflow, we performed an empirical evaluation demonstrating that the pro-
posed approach has the capability of simulating the effect of incentive mechanisms and that
these mechanisms are in alignment with the actual community. Our approach provides indica-
tions for community managers to predict the effect of incentive mechanisms, and inspirations
for researchers to explore the emergence of complex socio-technical systems such as Q&A
communities.

However, there are three strands of limitations in the proposed approach. First, we did not
consider the role of incentive mechanisms in regulating the quality of users’ contributions.
The equations in Section 4.3 were designed for describing the relationship between the agents’
attributes. These equations cannot account for the role of incentive mechanisms in regulating
the quality of users’ contributions; anyway, incentive mechanism exerts little effect on the qual-
ity of users’ contribution [46]. Therefore, the equations need to be further improved if it is
applied to explore the impact of incentive mechanisms on community post quality.

Second, we did not consider posts in simulation data generation. The initial generated sim-
ulation data contains only users’ information, without considering the simulation of their his-
torical posts. In the real community, there exists a certain possibility for users, though small in
number answer or vote for these long-ago posts. All of these bring forth some of our simula-
tion errors.

Third, we have no evidence to show users’ contribution behavior may only be influenced by
the reputation mechanism at a given time. A thorough investigation is required to determine
the extent to which our approach is useful for multiple incentives in the actual Q&A communi-
ties, e.g., badges and privileges.

In future studies, we will improve our approach by considering the quality of users’ contri-
butions, the generation of post simulation data, and the roles of multiple incentive mecha-
nisms of Q&A communities. Moreover, we will extend and evaluate incentive prediction
systems in other virtual communities. More importantly, we will use our approach to guide
the design of the Q&A community incentive mechanism.

Author Contributions
Conceptualization: Yi Yang, Xinjun Mao.
Data curation: Yi Yang.

Formal analysis: Yi Yang, Xinjun Mao.
Funding acquisition: Xinjun Mao.
Methodology: Yi Yang.

Software: Yi Yang.

Validation: Yi Yang.

Visualization: Yi Yang.

Writing - original draft: Yi Yang.
Writing - review & editing: Yi Yang, Xinjun Mao, Shuo Yang, Menghan Wu.

PLOS ONE | https://doi.org/10.1371/journal.pone.0281431 February 9, 2023 20/23


https://doi.org/10.1371/journal.pone.0281431

PLOS ONE

A normative MAS-based modeling approach for simulating incentive mechanisms of Q&A communities

References

1.

10.

1.

12

13.

14.
15.

16.

17.

18.

19.

20.

21,

Chen C, Su S, Peng Z, Chen G, Liu H, Gong Y. A novel simulation strategy for equation-based models
of cyber-physical systems. Cluster Computing. 2019; 22 (3Suppl): 5245-5255. https://doi.org/10.1007/
510586-017-1204-x

Dyke Parunak H V, Savit R, Riolo R L. Agent-based modeling vs. equation-based modeling: a case
study and user’ guide. In International Workshop on Multi-Agent Systems and Agent-Based Simulation
(MABS 1998). 1998: 10-25. http://dx.doi.org/10.1007/10692956 _2

Wang S, Chen T H, Hassan A E. Understanding the factors for fast answers in technical Q&A websites.
Empirical Software Engineering. 2018; 23(3): 1552—1593. https://doi.org/10.1007/s10664-017-9558-5

GaoY, Chen'Y, Liu K R. Understanding sequential user behavior in social computing: to answer or to
vote? |IEEE Transactions on Network Science and Engineering; 2015; 2(3): 112—126. hitps://doi.org/
10.1109/TNSE.2015.2470542

Goes P B, Guo C, Lin M. Do incentive hierarchies induce user effort? Evidence from an online knowl-
edge exchange. Information Systems Research. 2016; 27 (3): 497-516. http://dx.doi.org/10.1287/isre.
2016.0635

Jing D, Jin Y, Liu J. The impact of monetary incentives on physician prosocial behavior in online medical
consulting platforms: evidence from china. Journal of Medical Internet Research. 2019; 21(7): e14685.
https://doi.org/10.2196/14685 PMID: 31350834

Papoutsoglou M, Kapitsaki G M, Angelis L. Modeling the effect of the badges gamification mechanism
on personality traits of Stack Overflow users. Simulation Modelling Practice and Theory. 2020; 105
(102157): 1-49. https://doi.org/10.1016/j.simpat.2020.102157

Chen W, Wei X, Zhu K. Engaging voluntary contributions in online communities: a hidden markov
model. MIS Quarterly. 2017; 42(1): 83—100. https://doi.org/10.25300/MISQ/2018/14196

Jiao Z, Chen J, Kim E. Modeling the use of online knowledge community: a perspective of needs-affor-
dances-features. Computational Intelligence and Neuroscience. 2021: 1-16. https://doi.org/10.1155/
2021/3496807 PMID: 34987563

LuY, Xiang C, Wang B, Wang X. What affects information systems development team performance?
An exploratory study from the perspective of combined socio-technical theory and coordination theory.
Computers in Human Behavior. 2011; 27(2): 811-822. https://doi.org/10.1016/20j.chb.2010.11.006

Xu J, Yilmaz L, Zhang J. Agent simulation of collaborative knowledge processing in wikipedia. In Pro-
ceedings of the 2008 Spring Simulation Multiconference (SpringSim ’08). 2008: 19-25. https://dx.doi.
org/10.1145/1400549.1400553

Hunter E, Mac Namee B, Kelleher J D. A comparison of agent-based models and equation based mod-
els for infectious disease epidemiology. In The 26th AlAl Irish Conference on Atrtificial Intelligence and
Cognitive Science (AICS 2018). 2018: 33—44. https://doi.org/10.21427/rtq2-hs52

Conte R, Paolucci M. On agent based modelling and computational social science. Frontiers in Psychol-
ogy 2014; 5: 1-15. https://doi.org/10.3389/fpsyg.2014.00668 PMID: 25071642

Holland J H. Emergence: from chaos to order. Oxford University Press. 2000.

Bonabeau E. Agent-based modeling: Methods and techniques for simulating human systems. Proceed-
ings of the National Academy Of Sciences. 2002; 99(suppl 3): 7280-7287. https://doi.org/10.1073/
pnas.082080899 PMID: 12011407

Freire ES S, Cortés M |, Junior RM D R, Gongalves E J T, De Lima G A C. NorMAS-ML: Supporting
the modeling of normative multi-agent systems. ADCAIJ: Advances in Distributed Computing and Artifi-
cial Intelligence Journal. 2019; 8(4): 49-81. https://doi.org/10.14201/ADCAIJ2019844981

CaiY, Yang Y, Shi W. A predictive model of the knowledge-sharing intentions of social Q&A community
members: a regression tree approach. International Journal of Human-Computer Interaction. 2021; 38
(4): 324-338. https://doi.org/10.1080/10447318.2021.1938393

Lotufo R, Passos L, Czarnecki K. Towards improving bug tracking systems with game mechanisms. In
2012 9th IEEE Working Conference on Mining Software Repositories (MSR). 2012: 2—11. hitps://doi.
org/10.1109/MSR.2012.6224293

Dastani M, Dix J, Verhagen H, Villata S. Normative multi-agent systems. Dagstuhl Reports. 2018; 8(4):
72—1083. https://doi.org/10.4230/DagRep.8.4.72

HanY, Mao L, Chen X, Zhai W, Peng Z, Mozumder P. Agent-based modeling to evaluate human-envi-
ronment interactions in community flood risk mitigation. Risk Analysis. 2021. https://doi.org/10.1111/
risa.13854 PMID: 34773275

Bhattacharya P, Ekanayake S, Kuhlman C J, Lebiere C, Morrison D, Swarup S, et al. The Matrix: An
agent-based modeling framework for data intensive simulations. Proceeding of the 18th International

PLOS ONE | https://doi.org/10.1371/journal.pone.0281431 February 9, 2023 21/23


https://doi.org/10.1007/s10586-017-1204-x
https://doi.org/10.1007/s10586-017-1204-x
http://dx.doi.org/10.1007/10692956
https://doi.org/10.1007/s10664-017-9558-5
https://doi.org/10.1109/TNSE.2015.2470542
https://doi.org/10.1109/TNSE.2015.2470542
http://dx.doi.org/10.1287/isre.2016.0635
http://dx.doi.org/10.1287/isre.2016.0635
https://doi.org/10.2196/14685
http://www.ncbi.nlm.nih.gov/pubmed/31350834
https://doi.org/10.1016/j.simpat.2020.102157
https://doi.org/10.25300/MISQ/2018/14196
https://doi.org/10.1155/2021/3496807
https://doi.org/10.1155/2021/3496807
http://www.ncbi.nlm.nih.gov/pubmed/34987563
https://doi.org/10.1016/20j.chb.2010.11.006
https://dx.doi.org/10.1145/1400549.1400553
https://dx.doi.org/10.1145/1400549.1400553
https://doi.org/10.21427/rtq2-hs52
https://doi.org/10.3389/fpsyg.2014.00668
http://www.ncbi.nlm.nih.gov/pubmed/25071642
https://doi.org/10.1073/pnas.082080899
https://doi.org/10.1073/pnas.082080899
http://www.ncbi.nlm.nih.gov/pubmed/12011407
https://doi.org/10.14201/ADCAIJ2019844981
https://doi.org/10.1080/10447318.2021.1938393
https://doi.org/10.1109/MSR.2012.6224293
https://doi.org/10.1109/MSR.2012.6224293
https://doi.org/10.4230/DagRep.8.4.72
https://doi.org/10.1111/risa.13854
https://doi.org/10.1111/risa.13854
http://www.ncbi.nlm.nih.gov/pubmed/34773275
https://doi.org/10.1371/journal.pone.0281431

PLOS ONE

A normative MAS-based modeling approach for simulating incentive mechanisms of Q&A communities

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Conference on Autonomous Agents and Multiagent Systems (AAMAS 2019). 2019: 1635—-1644. http://
dl.acm.org/citation.cfm?id=3331884

Jones E C. Generative social science: studies in agent-based computational modeling. Journal of Eco-
logical Anthropology. 2007; 11(1): 76-80.

Gatti M, Cavalin P, Neto S B, Pinhanez C, Santos C, Gribel D, et al. Large-scale multi-agent-based
modeling and simulation of microblogging based online social network. In International Workshop on
Multi-Agent Systems and Agent-Based Simulation (MABS 2013). 2013: 17-33. hitps:/doi.org/10.1007/
978-3-642-54783-62

Yu F, Janssen M A. How behavior of users impacts the success of online Q&A communities. Advances
in Complex Systems. 2020; 23(06): 2050015. https://doi.org/10.1142/S0219525920500150

Erik A, Hayes C. Modelling user behaviour in online Q&A communities for customer support. In the 15th
International Conference of E-Commerce and Web Technologies (EC-Web2014). 2014: 179—-191.
https://doi.org/10.1007/978-3-319-10491-1_19

Jiang G, Feng X, Liu W, Liu X. Clicking position and user posting behavior in online review systems: A
data-driven agent-based modeling approach. Information Sciences. 2020; 512: 161-174. https://doi.
0rg/10.1016/j.ins.2019.09.053

Aldewereld H, Dignum V, Vasconcelos W W. Group norms for multi-agent organisations. ACM Transac-
tions on Autonomous & Adaptive Systems. 2016; 11(2): 1-31. https://doi.org/10.1145/2882967

Viana M, Alencar P, Guimaraes E, Cirilo E, Lucena C. Creating a modeling language based on a new
metamodel for adaptive normative software agents. IEEE Access. 2022; 10: 13974-13996. https://doi.
org/10.1109/ACCESS.2022.3147144

Brito M D, Thévin L, Garbay C, Boissier O, Hilbner J F. Supporting flexible regulation of crisis manage-
ment by means of situated artificial institution. Frontiers of Information Technology & Electronic Engi-
neering. 2016; 17: 309-324. https://doi.org/10.1631/FITEE.1500369

Bulling N, Dastani M. Norm-based mechanism design. Artificial Intelligence. 2016; 239: 97-142.
https://doi.org/10.1016/j.artint.2016.07.001

DellAnna D, Dastani M, Dalpiaz F. Runtime revision of sanctions in normative multi-agent systems.
Autonomous Agents and Multi-Agent Systems. 2020; 34(2): 34—43. https://doi.org/10.1007/s10458-
020-09465-8

YangY, Mao X, Xu Z, Lu Y. Exploring CQA user contributions and their influence on answer distribution.
In The 32nd International Conference on Software Engineering and Knowledge Engineering (SEKE
2020). 2020: 457-462. https://doi.org/10.18293/SEKE2020-106

Chen C, Xing Z. SimilarTech: automatically recommend analogical libraries across different program-
ming languages. In Proceedings of the 31st IEEE/ACM International Conference on Automated Soft-
ware Engineering (ASE 2016). 2016: 834—839. https://doi.org/10.1145/2970276.2970290

Blanco G, Pérez-Lépez R, Fdez-Riverola F, Lourengo L A M G. Understanding the social evolution of
the Java community in Stack Overflow: A 10-year study of developer interactions. Future Generation
Computer Systems. 2020; 105: 446—454. https://doi.org/10.1016/j.future.2019.12.021

Angela H. Using social network analysis to study the interaction patterns in an online knowledge com-
munity. Proceedings of the American Society for Information Science and Technology. 2002; 39(1):
566-567. https://doi.org/10.1002/meet. 14503901114

Reddy S R. Analyzing user participation across different answering ranges in an online learning commu-
nity. Arizona State University. 2015.

Srba |, Bielikova M. Why Stack Overflow fails? Preservation of sustainability in community question
answering. IEEE Software. 2016; 33(4): 1-10. https://doi.org/10.1109/MS.2016.34

Movshovitz-Attias D, Movshovitz-Attias Y, Steenkiste P, Faloutsos C. Analysis of the reputation system
and user contributions on a question answering website: Stackoverflow. In 2013 IEEE/ACM Interna-
tional Conference on Advances in Social Networks Analysis and Mining (ASONAM 2013). 2013. https://
doi.org/10.1145/2492517.2500242

Choi E, Shah C. User motivations for asking questions in online g&a services. Journal of the Association
for Information Science and Technology. 2016; 67(5): 1182—1197. https://doi.org/10.1002/asi.23490

Wu P F, Korfiatis N. You scratch someone’s back and we’ll scratch yours: collective reciprocity in social
Q&A communities. Journal of the American Society for Information Science and Technology. 2013; 64
(10): 2069-2077. https://doi.org/10.1002/asi.22913

LuY, Mao X, Zhou M, Zhang Y, Wang T, Li Z. Haste makes waste: An empirical study of fast answers in
Stack Overflow. In 2020 IEEE International Conference on Software Maintenance and Evolution
(ICSME). 2020: 23—-34. https://doi.org/10.1109/ICSME46990.2020.00013

PLOS ONE | https://doi.org/10.1371/journal.pone.0281431 February 9, 2023 22/23


http://dl.acm.org/citation.cfm?id=3331884
http://dl.acm.org/citation.cfm?id=3331884
https:/doi.org/10.1007/978-3-642-54783-62
https:/doi.org/10.1007/978-3-642-54783-62
https://doi.org/10.1142/S0219525920500150
https://doi.org/10.1007/978-3-319-10491-1_19
https://doi.org/10.1016/j.ins.2019.09.053
https://doi.org/10.1016/j.ins.2019.09.053
https://doi.org/10.1145/2882967
https://doi.org/10.1109/ACCESS.2022.3147144
https://doi.org/10.1109/ACCESS.2022.3147144
https://doi.org/10.1631/FITEE.1500369
https://doi.org/10.1016/j.artint.2016.07.001
https://doi.org/10.1007/s10458-020-09465-8
https://doi.org/10.1007/s10458-020-09465-8
https://doi.org/10.18293/SEKE2020-106
https://doi.org/10.1145/2970276.2970290
https://doi.org/10.1016/j.future.2019.12.021
https://doi.org/10.1002/meet.14503901114
https://doi.org/10.1109/MS.2016.34
https://doi.org/10.1145/2492517.2500242
https://doi.org/10.1145/2492517.2500242
https://doi.org/10.1002/asi.23490
https://doi.org/10.1002/asi.22913
https://doi.org/10.1109/ICSME46990.2020.00013
https://doi.org/10.1371/journal.pone.0281431

PLOS ONE

A normative MAS-based modeling approach for simulating incentive mechanisms of Q&A communities

42,

43.

44,

45.

46.

Tisue S, Wilensky U. NetLogo: Design and implementation of a multi-agent modeling environment. In
Proceedings of the Agent 2004 Conference on Social Dynamics: Interaction, Reflexivity and Emer-
gence. 2004: 7-9. https://ccl.northwestern.edu/netlogo/

Emerson R W. Causation and Pearson’s correlation coefficient. Journal of Visual Impairment and Blind-
ness. 2015; 109(3): 242—-244. https://doi.org/10.1177/0145482X1510900311

Tang M, Mao X. Information entropy-based metrics for measuring emergences in artificial societies.
Entropy. 2014; 16(8): 4583—-4602. https://doi.org/10.3390/e16084583

Rajesh G, Chaturvedi A. Correlation analysis and statistical characterization of heterogeneous sensor
data in environmental sensor networks. Computer Networks. 2019; 164: 106902. https://doi.org/10.
1016/j.comnet.2019.106902

ChenY, Ho T H, KimY M. Knowledge market design: A field experiment at Google Answers. Journal of
Public Economic Theory. 2010; 12(4): 641-664. https://doi.org/10.1111/j.1467-9779.2010.01468.x

PLOS ONE | https://doi.org/10.1371/journal.pone.0281431 February 9, 2023 23/23


https://ccl.northwestern.edu/netlogo/
https://doi.org/10.1177/0145482X1510900311
https://doi.org/10.3390/e16084583
https://doi.org/10.1016/j.comnet.2019.106902
https://doi.org/10.1016/j.comnet.2019.106902
https://doi.org/10.1111/j.1467-9779.2010.01468.x
https://doi.org/10.1371/journal.pone.0281431

