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Abstract. Online social networking services like Facebook provides a
popular way for users to participate in diﬀerent communication groups
and discuss relevant topics with each other. While users tend to have an
impact on each other, it is important to better understand and analyze
users behavior in speciﬁc online groups. For social networking sites it is of
interest to know if a topic will be interesting for users or not. Therefore,
this study examines the prediction of user participation in online social
networks discussions, in which we argue that it is possible to predict
user participation in a public group using common machine learning
techniques. We are predicting user participation based on association
rules built with respect to user activeness of current posts. In total,
we have crawled and extracted 2,443 active users interacting on 610
posts with over 14,117 comments on Facebook. The results show that
the proposed approach has a high level of accuracy and the systematic
study clearly depicts the possibility to predict user participation in social
networking sites.

1

Introduction

Online social networks are a large part of our society. Just Facebook alone
attracts 1.3 billion users1 with 640 million minutes spent each month. Facebook
had a total revenue of $12,466 M in 20141 . Consequently, discovering trending
topics or inﬂuential users is of interest for many researchers, e.g. for marketing [6]. Several studies have tried to identify user inﬂuence, however most have
used page rank [21] or centrality [5,17] based approaches to identify inﬂuential
users.
In this article we argue that users, on Facebook groups, are following each
other and that it is possible to detect inﬂuential users. E.g. if user A, B, C
and D share common interests, the chance is that if A, B, and C already
have commented on a topic, D also will comment on it. Therefore, this paper
relates to how users perform actions (e.g. comments or likes) on posts in Facebook pages. In addition, we use association learning to discover relationships
between variables, or in our case users, in the dataset [9]. Given a list of posts
from a speciﬁc domain we extract users actions such as comments and likes.
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Using association rule learning on the data, we argue that it is possible to predict if a particular user will or will not participate on a post discussion based on
the other users activity.
For evaluation, a systematic study is conducted, which include building association rules that can be used to predict if a speciﬁc user will be active in a
particular post. The prediction is done based on the activeness of users within
current posts. Moreover, the scope of the paper is limited to user interactions
on a subset of Facebook users on posts with a similar topic.
The paper is organized as follows: In Sect. 2 related work is discussed.
Sections 3 and 5 presents the data and the methodology. Association rule learning and the evaluation metrics are discussed in Sect. 4. Finally, the results are
presented in Sect. 6 and discussed in Sect. 7.

2

Related Work

Online social networks and social media analysis are one of the hottest areas
of research in modern network science. Like in many diﬀerent areas, scientists
struggle to predict the future of online social network. The main focus in social
network area is on link prediction [16] but diﬀerent teams around the world work
also on: (i) popularity prediction in social media based on comment mining [12],
(ii) personality prediction for micro blog Users [29], (iii) churn prediction and
its inﬂuence on the network [4,22], (iv) community evolution prediction [7,23],
(v) using social media to predict real-world outcomes [3], (vi) predicting information cascade on social media [11], (vii) users features prediction using relational
learning [14,15], (viii) predicting patterns of diﬀusion processes in social network
[13], (ix) predicting friendship intensity [2,20], (x) aﬃliation recommendations
[25,26], and many others.
Association rule mining has been previously used in social network and social
media analysis. In [18], the authors explores the association rule between a course
and gender in the Face book 100 university dataset. This was performed to discover the inﬂuence of gender in studying a speciﬁc course. [27] introduces the
scheme for association rule mining of personal hobbies in social networks, while
[24] tackle the problem of mining association rules in folksonomies and try to
ﬁnd out how association rule mining can be applied to analyze and structure
folksonomies.
However, while online social network analysis is popular, there is according
to our review a lack of research on using association rules for predicting user
participation in online social media discussions.

3

Data Model

The data used in this study has been obtained from the crawler described by [8].
This crawler gathers complete posts from Facebook. In this context, the term
complete stands for posts that contains all likes and comments. In addition, if
a post is crawled, the dataset contains all likes, comments and interacting users
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up to the crawling time. Our current dataset, captured from public pages and
groups on Facebook, consists of over 56 million posts, 560 million comments and
7.3 billion likes made by 820 million Facebook users. The crawled data is parsed
and available from a SQL database, structured as described in [19], making all
ﬁelds needed for our task available. In this study, we assume that the investigated
posts will not get any new comments. We simplify the dynamics of social media
by saying that the posts we are investigated are “dead” when the data was
collected, in which the term of dead posts refers to posts that no longer attracts
attention or new comments or likes.
We are limiting this study to only investigate a subset of groups available
by the crawler. From these groups we exclude posts with less than 20 comments
as these posts are considered to be of too low value and do not hold enough
information.
3.1

Data Selection

To perform prediction of user interactions, we have selected the page
OccypyTogether. This page was selected based on the following properties: it
is active, it has a high number of users (∼300 k), it has a reasonable high number of active users (∼30,000 users with more than one comment) and it is political
with a bias user group (most of the users are positive to the Occupy movement).
From this page, only users that have made more than ﬁve comments are investigated. This ensures that the selected users are or have been fairly active in
the community. The resulting dataset consists of 2,443 users interacting on 610
posts totaling in 14,117 comments.

4

Association Rules

As stated in Sect. 1, we are predicting user participation based on previous interactions with other users on common posts. We argue that if user A participates
in all posts where B is participating, there is a high chance of A participating
in a new post where B is already active. The method of matching items in different transactions is called association rule mining. We apply association rule
mining to the domain of social media where we model the data as follows. Items
correspond to users on Facebook and transactions correspond to posts. An user
is considered to be active and part of the transaction, as an item, if the user
comments on a post.
To build association rules from our dataset, we evaluated several implementations. [1] presented the Aprori algorithm, which was proven to be an eﬃcient method for association rule learning. This algorithm is however proven to
have eﬃciency issues in large datasets [10] and the identiﬁed implementation for
Python is very slow (considering our dataset it was not possible to get a result
within reasonable time). Hence, other algorithms were tested, and in particular
the Eclat algorithm [28]. The Eclat algorithm quickly discards items with low
frequency by considering a minimum of associations as input parameters.
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From the selected dataset, described in Sect. 3.1, we ﬁrstly count the frequency of all posts where A and B are active respectively. Secondly, we count
all posts where A ∪ B, both participates. This gives us two measures, length
(the number of participating users) and frequency (the sum of all posts where
they are participating). These two steps can be summarized as, building frequent
item-sets (I). Finally, all possible rules from the computed Is are generated. In
this step we also compute the evaluation metrics described below.
4.1

Evaluation Metrics

To understand the learned association rules, there exist a few metrics. First, we
have Support, where we compute the frequency of a given item-set, I, and divide
it with
 the
 total number of transactions (posts) in D. Or, the number occurrence
of A, B in our dataset, D divided by length of D. As shown in (1).

 {A, B}
support {A, B} =
|D|

(1)

Secondly, we have Confidence, which is an indicator saying that {A, B} ⇒ C
in the set of transactions in D is the proportions of transactions that contain
{A, B} also will contain C as illustrated in (2). Say that {A, B, C} participates
in 4 common posts and {A, B} participates in 8 posts in total. This leads to
4/8 = 0.5 i.e., the confidence that C will participate on a post where A and B
already are active is 50 %.

 support({A, B, C})
confidence {A, B} ⇒ C =
support(C)

(2)

Thirdly, we have lift, a ratio of the interdependence of the observed values.
As we see from (3), if lift is 1, it implies that the rule and the items are independent of each other. However, if the lift is > 1, the lift indicates the degree of
dependency of our item-sets.


lift {A, B} ⇒ C =

support({A, B, C})
support({A, B}) × support({C})

(3)

Finally, we have conviction, as the ratio of the expected support that {A, B}
occurs without C as shown in (4). Notable, conviction is inﬁnite (due to division
with zero) when the confidence is 1.


conviction {A, B} ⇒ C =

1 − support({A, B})


1 − confidence {A, B} ⇒ C

(4)

The described measures enable understanding of the learned rules in D, where
higher number of all four measures indicate that the learned rule has relevance
for prediction.
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Methodology

The ﬁnal dataset used in the experiment consists of 2,443 users interacting on
610 posts and writing 14,117 comments. The selected users are or have been
fairly active in the community, which reﬂect how we build the association rules.
The algorithm used for the association rule mining is the Eclat algorithm.
The Eclat algorithm learns about all the frequent item-sets in our data. By
using Eclat, it is possible to deﬁne a lower bound threshold and in our dataset
a good trade-oﬀ between resolution and speed is 4, where lower frequency is
ignored. The used implementation of Eclat is modiﬁed to sort the item-sets by
participants so only {A, B, C} is considered. Other combinations e.g., {B, C, A}
and {C, A, B} are consolidated in the item-set {A, B, C}. Association rules supporting the hypothesis of user participation based on other users activities were
computed from the calculated frequency item-sets. The results are measured
using the evaluation metrics presented in Sect. 4.1.

6

Results

The resulting frequent item-sets are depicted in Fig. 1. This ﬁgure illustrates the
length of elements (number of collaborating users) with respect to frequency (the
number of occurrence for each item-set). The main scatter-plot illustrates how
the frequency decreases when the number of users (length) increases, a natural
feature of frequent item-sets.
Figure 1 also depicts the distribution as histograms. The top histogram shows
the distribution of frequency and the histogram on the right hand side shows the
distribution of the length of the learned item-sets. The top histogram illustrates
a signiﬁcant density of user collaboration to occur at low frequency, between
4–6. This is natural as the frequency of user participation decreases for most of
the users. Noticeable on the length distribution is the fact that the density is
higher for two and three participating users than for just one. This is because
there exist more combinations of users than the number of single users.
Association rules supporting the hypothesis of user participation based on
other users activities were computed from the calculated frequency item-sets.
Resulting in 55,166 rules. Table 1 shows descriptive statistics for all the computed
rules. It can be noted that although the conﬁdence median and mean is low, the
high level of lift indicates high dependency of the learned rules, i.e., the computed
rules show that out hypothesis is valid and users tend to follow each other. As
our dataset is big, with many users and many posts, the low support mean and
median is expected. Moreover, it is noticeable that users are not active in all
posts but more on a subset of them.
Figure 2 depicts the distribution, Conﬁdence, Lift, Conviction and Frequency
respectively in our learned model. The ﬁgures are illustrated as violin-plots which
represents the kernel density (shown as height and depth) in addition to normal
box-plots with outer quartiles as thin lines, the inner quartiles as bold lines and
the mean as a white dot.
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Fig. 1. Combined plot of number of users (Length) with respect to number of occurrence (Frequency). The upper and right axis illustrates histograms of the respective
distributions
Table 1. Descriptive statistics of 55,166 computed rules.
Mean Median Std
Support
Conﬁdence
Lift
Conviction

0.05 0.02

0.07

0.43 0.33

0.33

18.97 9.38

24.64

1.83 1.32

1.18

Figure 2a shows a dense distribution of support at 0.025 and interestingly
a higher density at 0.20. The conﬁdence distribution is illustrated in Fig. 2b,
interestingly there is a dense distribution around 1.0, i.e., there is a signiﬁcant
number of learned rules with high conﬁdence that the rule is accurate. Figure 2c
shows that the lift measure have a heavy tail distribution. Figure 2d illustrates
a distribution of conviction to be concentrated between zero and ﬁve.
Table 2 presents learned rules in tree sections. Each section is sorted ﬁrstly
by Conﬁdence, Lift and Conviction respectively and secondly by the number
of supporting users. The rule {u429 , u578 } ⇒ {u19 } should be interpreted
as user–429 together with user–578 inﬂuence participation of user–19. Notable,
when sorting by conﬁdence and lift, the conviction is inﬁnite (this is due to the
conﬁdence of 1.0) as shown how conviction is calculated in (4). All of the rules
in Table 2 have high conﬁdence and show high dependency (via the lift metric),
i.e., the top ﬁve rules sorted by either Conﬁdence, Lift or Conviction are relevant
for predicting user participation.
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Fig. 2. Distribution of values in learned association rules.

The rule, {u580 , u861 , u1352 , u1466 } ⇒ {u896 , u1291 } presented in Table 2
with conﬁdence of 1.0 and lift of 152.5 strongly indicates that the left-hand-side
user set inﬂuences the right-hand-side user set, i.e., when the left-hand-side user
set is active on a post the right-hand-side user set also will be active. A conﬁdence
of 1.0 means that 100 % of the posts where the left-hand-side user set is active,
the right user set also will be active. A lift value of 152.5, in this speciﬁc rule,
shows that the right-hand-side user set is dependent on the left.
Considering rules where at least two separate users aﬀect another user with a
conﬁdence of ≥ 95 %. We can reduce the 55,166 rules to 4,959 rules, which have
a median lift of 4.80 and a median support of 21 %. In other words, we have
close to 5,000 rules that strongly indicates that users are aﬀected by each other
when it comes to participating in online social networks. From learned rules, we
can also identify inﬂuential users, i.e., the users that exists on the left side of
multiple rules.

7

Conclusion and Discussion

Users within online social networks creates a large amount of generated data in
form of interactions (comments and likes). Not enough attention has been put on
the prediction of how users inﬂuence each other and how to predict the behavior
of users within Facebook groups. Therefore, we have, in this paper, crawled a
signiﬁcant amount of user data and then by using machine learning, implemented
and examined how users inﬂuence each other. Based on the results and analysis,
we are able to determine that users inﬂuence other users to participate and
interact in new groups.
From the group OccypyTogether, 2,443 active users have been extracted.
They interact on 610 posts with a total of 14,117 comments. From this dataset,
the association rules were computed. Resulting in almost 5,000 rules with high
conﬁdence of correctness, ≥ 95 %. These rules were proven to be dependent of the
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Table 2. Top 5 rules sorted by diﬀerent metrics
Rule

Confidence Lift

Conviction

Confidence
{u179 , u538 , u580 , u938 , u992 , u1090 } ⇒ {u11 }

1.00

10.17 inf

{u11 , u31 , u80 , u179 , u992 , u1093 } ⇒ {u580 }

1.00

4.80 inf

{u11 , u31 , u179 , u580 , u992 , u1093 } ⇒ {u80 }

1.00

9.53 inf

{u11 , u179 , u538 , u580 , u938 , u953 } ⇒ {u429 }

1.00

4.84 inf

{u179 , u1094 , u1096 , u1113 , u1171 , u1352 } ⇒ {u1378 } 1.00

101.67 inf

Lift
{u580 , u861 , u1352 , u1466 } ⇒ {u896 , u1291 }

1.00

152.50 inf

{u580 , u861 , u1291 , u1352 } ⇒ {u896 , u1466 }

1.00

152.50 inf

{u31 , u80 , u179 , u580 } ⇒ {u11 , u992 , u1093 }

1.00

152.50 inf

{u19 , u64 , u673 , u685 } ⇒ {u54 , u581 }

1.00

152.50 inf

{u580 , u861 , u1291 , u1466 } ⇒ {u896 , u1352 }

1.00

152.50 inf

Conviction
{u429 , u578 } ⇒ {u19 }

0.95

3.93 16.66

{u920 } ⇒ {u179 }

0.95

4.27 16.32

{u929 } ⇒ {u179 }

0.95

4.26 15.54

{u580 , u1093 } ⇒ {u179 }

0.94

4.22 13.21

{u580 , u938 } ⇒ {u179 }

0.94

4.22 13.21

active users, via the lift metric. Therefore, the hypothesis of user participation
inﬂuences can be accepted. The results also proved that using association rule
learning, inﬂuential users can be identiﬁed. Moreover, users on the left-handside, in a rule with high conﬁdence and high lift, are inﬂuencing users on the
right-hand-side to participate in the conversation.
At present, information on Facebook are ﬁltered by a secret algorithm. This
poses a potential validity threat to our results. Even external recommender systems might pose a threat as data might be bias since users can only see a subset
of all posts.
For future work, it would be interesting to compare the results across diﬀerent
Facebook groups, e.g. politics-related Facebook group is diﬀerent from newsrelated Facebook groups. Additionally, methods for association rule learning
that supports number of occurrence and order of items in each transaction also
needs to be investigated further. Finally, investigating the temporal aspects of
users participation, e.g. whether users inﬂuence each other over time, or if a user
participates throughout a discussion or only in the beginning, is something that
needs to be considered and which could hopefully improve the prediction results.
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