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Although the goal of the model is “to serve as a decisionmaking tool for community designers”, the interface is
limited to only a few parameters and many of them are
hard-coded. Therefore I wish to contribute with this paper
in multiple ways: 1) improve the interface of the model by
changing fixed parameters to dynamic parameters for
community designers; 2) identify the limitations of the
model that are not described by the authors; 3) see how the
models holds up when introduced to a new social science
theory; 4) find new effects by changing parameters that
were fixed and hard-coded by the authors.

INTRODUCTION

BACKGROUND

ABSTRACT

Online community designers have to make difficult design
decisions with unclear outcomes. Using an agent-based
model by Ren and Kraut, the behavior can be predicted.
This paper adds parameters such as newcomer’s rate to the
model to understand how to increase the activity level of
members and make the underlying networks visible. Using
the new interface, the model shows that small communities
tend to have a larger percentage of contributors.
Author Keywords

Half of the world’s population is connected to the Internet
and 75% of them are using social media platforms actively
[1]. Social sciences help to explain the behaviour of people
on these platforms by comparing a small set of variables
and thus formulate theories. The theories for successful
online communities is broadly described to design for better
platforms [2–5]. However, community design is a balancing
game, since parameters influence each other and it can be
unclear how. Agent-based modelling can be used to
combine theories of social sciences and recreate the
complex behaviour of online communities [6,7]. Online
community designers can use these models to predict the
outcomes of their design decisions.
To our knowledge, only one model has combined multiple
social science theories into an agent-based model, created
by Ren and Kraut [8]. According to the authors, “the model
simulates people’s motivation to participate in and
contribute to an online community” and can be used
broadly to any text-based, conversationally oriented online
community. The model is limited to the examination of the
effect of three design decisions that are difficult for
community designers—topical breadth, message volume
and discussion moderation.
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Ren and Kraut’s model uses seven established and heavenly
cited social theories in its core, of which an overview can
been found in Figure 1 of their paper [8]. The theories
include: expectancy theory [9], collective effort model [10],
resource-based theory [11], information overload theory
[12], group identity [13], interpersonal bonds [14,15], and
intrinsic and extrinsic motivation [16]. The authors list the
key assumptions of these theories and their conflicting
predictions for their model.
The authors used existing researched relationships between
factors and parameter values when possible. When evidence
was not present between the different theories, the authors
relied on their best judgement and empirical analysis of 100
Usenet groups to estimate these parameters. They calibrated
the estimations to reproduce the power-law distribution of
three statistics using the training data of 12 Usenet groups.
They achieved a Pearson correlation between the empirical
data of 25 new Usenet groups and the simulated data
between 0.90 and 0.96, proving that the model matches real
community behaviour well.
To test the model to a different social science rule, I use
Nielsen’s 90-9-1 for participation inequality in social media
and online communities [17]. The rule explains that
generally 90% of the members in a community are lurkers,
which are members that read or observe, but don't
contribute. Then, 9% of the members contribute from time
to time, but other priorities dominate their time. Lastly, 1%
of the members are very active and account to 90% of the
contributions on a platform. Nielsen mentions that the
inequality can be even more skewed to 95–5–0.1 on blogs.
The model will be used in order to see if I can recreate
these divisions and at the same time I can see which
parameters could help to improve the ratio’s to a fairer 80–
16–4 that Nielsen proposes.

METHODOLOGY
Netlogo

The model is created using Netlogo, a cross-platform multiagent modelling environment [18]. Within the simulation,
agents (members) take actions in parallel during a simulated
day. All active agents can chose to read or post a message,
based on the expected benefits before moving on to the next
day. Messages posted the previous day are distributed to all
agents the next day and used to update the decision.
The model is created in version 3.1.5 whereas the most up
to date version of the software is 6.0.1 at the time of
writing. Attempts to convert the model to the newest
version using the transition guide [19] failed. Fixing certain
errors, wouldn’t guarantee an accurate match with the 3.1.5
version. Therefore, I used an older version of the software,
which is still available for download by Netlogo 1.
Interface

To improve the model, I first started fixing minor errors.
For example, the buttons and sliders didn’t work, since their
value was depended on a fixed value in the code, instead of
using user input value by sliders. Next I the removed code
that wasn’t necessary for a community designer to make the
code shorter and thus more understandable. Mostly code to
export data into .txt files were removed, since these were
only meant for post data analysis by the researchers. These
can be easily retrieved if one needs them, since Ren and
Kraut’s model is uploaded to the Netlogo community.
A legend was added to explain the different colours of the
agents in the model, so one doesn’t need to dive into the
code to understand the colour coding. The parameters that
the researchers used to experiment were replace from hardcode values, to sliders. These include: the topic breadth, the
comment cost level and the newcomers-rate. In the
comments of the code, the authors stated what parameters
they used to test their model, thus these values were used to
determine the sliders scales. All the set-up parameters that
could only be changed at the beginning of the model, were
put on the left and all the parameters that could be changed
when the model is running are on the right.

other members in the community. An inactive member,
hasn’t contributed or read any of the posts in the last 15
days and will disappear after 30 days of inactivity. A simple
counter was added to represent the percentage of these
agents occurring in the model. In the counter, newcomers
and lurkers are combined, since newcomers haven’t posted
anything yet and thus can be defined as a lurker. Also,
inactive members are not included into the lurker group,
since a lurker does view posts and thus is an active member.
Using three counters, we can monitor if Nielsen’s 90-9-1
rule is achieved. The choice of the amount of days when a
person changes status (for example from poster to lurker
after 2 days) are explained in the results.
Crosslinks

Lastly, the links between members are made visible in the
case that a poster and a member have a cross link, which is
in the case when the responded to each other. The goal is to
see if we can find new effects or behaviour of the model
that hasn’t been described yet.
RESULTS
Approaching the 90-9-1- rule

A baseline for the 90-9-1 rule has been created by setting
all parameters to the default values of the authors: initialmembers 190, initial-message 30, topical-breadth 5, commcost 1.5, newcomer-rate 5 and a community-type of
interest. The run-time of the model was 200, providing a
balance between steady values and fast run-time. The
model was run 10 times and stops automatically after 200
simulated days. These settings already approached the 90-91 really close with a mean of 1,14 (σ = 0,49) for the
superposters, a mean of 11,23 (σ = 1,67) for the posters
and a mean of 87,63 (σ = 1.49) for the lurkers.
The simulation was run again, with a poster becoming a
lurker after 4 days instead of 5. The simulation was run 5
times instead 10, since the previous simulations had a 97%
– 99,5% match with the 10 times simulations and it could
half the time it took to do simulations. The model was run
which 2 more variations in the settings of days (d) and
reputations (r) of which the results can be seen in Table 1.

Colour coding agents

A new colour coding for the agents in the model has been
added, to show who are the newcomers (green), lurkers
(blue), posters (red), superposters (yellow) and inactive
members(grey). A newcomer is someone who just appeared
for one day in the community. A lurker is a person who is
reading messages, but didn’t post anything in the last 2
days. A poster is a person that has contributed by creating a
reply or thread post and stays a poster for 2 days after
which he becomes a lurker again. A superposter, is a person
who has contributed in the last 2 days and has a reputation
higher than 0.6. The reputation number is built into the
model by the authors and is based on the recognition from
1
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Settings

% super
poster

% poster

% lurker

d = 4 & r = 0.5

1,10

11,67

87,23

d = 3 & r = 0.5

1,35

9,95

88,70

d = 3 & r = 0.6

0,88

10,82

88,30

d = 2 & r = 0.6

0,85

7,44

91,71

Table 1. Table captions should be placed below the table. We
recommend table lines be 1 point, 25% black. Minimize use of
unnecessary table lines.

The table shows that the ideal settings are between 2 and 3
days. The model doesn’t allow us to choose 2.5 days, since
the model updates all the agents in parallel. The setting with
the closest match to the rule is chosen, which is with 2 days
and a reputation threshold of 0.6 since the percentage

Figure 1. : The new interface of the model with added sliders to set-up a model on the right, and sliders and colour coding options
that can be changed during the simulation on the right.

difference with the amount of lurkers is the lowest (1,1%).
The settings will be used as a baseline to change the
parameters and see the effects on the model.
Cost of contribution

Average of 5
simulations
comm-cost 1

% super
poster
0,64

% poster

% lurker

16,426

82,932

comm-cost 1.5

0,85

7,436

91,712

comm-cost 2

0,454

5,338

94,208

Table 2. The effect on the percentage of superposters, posters
and lurkers when changing the cost of contributing. Higher
cost of contribution results in a lower amount of posts.

The cost of contribution to post a message has an influence
on the percentage of posters and total amount of members.
Increasing the cost doesn’t have a correlation with the
amount of superposters but a strong negative Pearson
correlation of -0.94 (not significant with only 3 steps) and
thus positive on the amount of lurkers. The total amount of
members decreases when the cost is increased with a strong
negative correlation of -1. The cost of contribution of 2
shows a resembles with the blog type of communities that
have a 95-5-0,1 ratio.
Newcomer’s rate

The newcomer’s rate (Nr) has an effect on the total amount
of members. When the newcomer rate is low, the
contribution per member is higher in de case of Nr 1 & 2.
To get a better nuance between the numbers, the
simulations of Nr 3,4 & 5 have been done 10 times. A
smaller community tend to have a higher percentage of
posters and superposters.

New
comer’s
rate
Nr = 1

% super
poster

% poster

% lurker

total
members

2,97

12,96

84,07

80,83

Nr = 2

1,07

10,99

87,94

145,00

Nr = 3

0,91

8,48

90,62

211,14

Nr = 4

0,69

8,90

90,41

271,50

Nr = 5

0,85

7,74

91,41

323,75

Table 3. The table shows the effect of the height of the
newcomer’s rate (Nr) on the percentage of superposters,
posters, lurkers and total amount of members. The numbers
are averages of 6x simulationsin the case of Nr1 &1 and 10x for
Nr 3,4 & 5
The extremes

Lastly, the model is tested by setting the parameter to the
extreme cases. These are not proven correlations, but just
finding discovered when playing around with the model. It
is encouraged to try these settings yourself to see the
behaviour of the model.
For example, the desired 80-16-4 can be approached when
comm-cost and newcomer rate is set to 1 and the topicbreadth to 9 and the community-type set to support. These
condition trigger relationships the most which resulted in
high amounts of superposters (4%) and posters (22%). At
the same time, these kind of communities stayed rather
small between around 100 and 150 members. Especially in
the movielens type of community, high levels of posters are
achieved being around 30% but at the same time the
community is even smaller to around 50 members.

Crosslinks

made his first post and will not be changed back to a lurker
again.
In most cases, complex and adaptive systems use a small
set of simple rules to create complex behaviour. The
community model is however complex itself, including
many theories and correlations. The result of changing
certain parameters can thus not show as apparent results on
the model as in more simple models that the Netlogo
libraries provides.
Note for community designers

To understand the outcome of the model, there are some
elements that the authors do not mention in their paper nor
the interface. Community designer that want to interpret
their own generated data, could benefit from the elements
described in these paragraphs.

Figure 2. The crosslinks as shown by white lines connecting
different agents. The superposters (yellow) are the agents with
the most links.

The links between the agents reveal that superposters have
many cross links and thus remain superposters for multiple
ticks. The effects is the results of the benefit from bondbased attachment, which calculates the benefit from
interpersonal bonds as a function of the number of other
agents with whom the agent has developed a relationship
through repeated interactions. A superposter with many
links, remains a superposter for a long time since his
network triggers him to keep posting. There seems to be no
correlation between the height of the passion level and the
crosslinks.
DISCUSSION

The approach of the finding the settings of the 90-9-1 is
based on 10 runs of the simulation by changing two
parameters. Ideally, all the parameters combinations are
checked instead of fixing some based on the authors chose.
The approximate to the rule could thus be further improved
when more simulations are done, with a longer run-time for
more stable numbers. In our research, the model was
stopped after 200 simulated days. Ideally the percentage of
agents is counted throughout the simulation, given a more
stable number. The approximation of our paper is however
close to the 90-9-1 rule, which seems that the model holds
up to different social science theories with a 98,9% match
with the amount of lurkers.
The model currently uses two ways to define lurkers. In our
case, a lurker is someone who has read message, but hasn’t
contributed any of themselves in the last 15 days. Therefore
a poster can become a lurker again. In the member statics
graphs however, a lurker can become a poster when it has

Starting with the Member Statics graph; it is important to
know that after 30 ticks a change of the trend line can be
seen, since at this point the members that have been
inactive for the entire time will be hidden and disappear
from the counters. A second important point is the 60 ticks
mark, which is the amount of days the model is delayed
before design interventions take effects, due to lack of data.
The model cannot be used to input values of a real
community and predict how it will act. This is because the
model doesn’t take into account the age of the initial set
amount of message. Also, the initial size of the members
don’t include any links between the members yet.
Member can respond to old message from turtles that have
died and thus the turtle could be triggered to respond to that
message again. The model runs starts running slow over
time since it has an ever increasing number of turtles. Also,
it make it difficult to select the right agent when wanting to
see its properties, given the long list of links and agents that
are already hidden. Having hundreds of agents in only a
small field means that the model will stack these agents on
top of each other, only revealing the colour of the latest
added agent. Sometimes superposter are not visible because
a newer agent is on top of the superposter. The percentage
counters can thus deviate from the expected amount of
agents.
Opportunities

A counter could be added for the amount of links created
between the agents. For example, it seemed as if an
increased number of crosslinks appeared when lowering the
cost of contribution. These counter could also count the
amount of links in general, showing how many of them are
active, inactive and crosslinks.
The model doesn’t take into account that certain messages
could be spam messages that have a negative effect on the
community. Lastly, the creation of subgroup is not possible
in the model, which could positively influence the
relationships that are built among the members as can be
seen in the simulations of small communities ( < 100).

CONCLUSION

Our paper proposes addition to Ren and Kraut’s model of
online communities, to be usable for online community
designers. The model holds up to newly introduced social
science theory 90-9-1 rule and thus can be seen as a robust
model. In this paper we found which parameters decrease
the amount of lurkers and increase the amount of posters
and thus inform community designer about the design
decisions they have to make. Only a limited amount of
parameters are explored and the model shows a lot of
potential for further research and understanding of online
communities.
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APPENDIX

Link to download the Netlogo file:
https://www.dropbox.com/s/4r4gqi8c25vq0cd/RenKrautSimulateOnlineCommunity-addition-by-Simon.nlogo?dl=0
Link to the original used Netlogo file by Ren and Kraut:
http://ccl.northwestern.edu/netlogo/models/community/Ren
Kraut-SimulateOnlineCommunity
Link to a report comparing the new and old code:
https://www.diffnow.com/?report=ag79n
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