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Abstract. Participation to challenges within social networks is a very effective
instrument for promoting a brand or event. In this paper, we take the challenge
organizer’s perspective, and we study how to raise the engagement of players
in challenges where the players are stimulated to create and evaluate content,
thereby indirectly raising the awareness about the brand or event itself. We illus-
trate a comprehensive model of the actions and strategies that can be exploited
for progressively boosting the social engagement during the challenge evolution.
The model studies the organizer-driven management of interactions among play-
ers, and evaluates the effectiveness of each action in light of several other factors
(time, repetition, third party actions, interplay between different social networks,
and so on). We evaluate the model through a set of experiment upon a real case,
the YourExpo2015 challenge. Overall, our experiments lasted 9 weeks and mobi-
lized hundreds of thousands of users on two different social platforms; our quan-
titative analysis assesses the validity of the model.

1 Introduction

Social networks are an essential aspect of communication strategies for promoting
events and brands; effectiveness of communication is typically measured in terms of
the intensity and quality of engagement of its members. This paper is concerned with
the modeling and analysis of social challenges whose main purpose is to collect content
produced by users in connection to a specific brand or event.

In this context, the objective of this paper is to define a model for social challenges,
which allows challenge managers to define the appropriate strategies for increasing
both participation and content creation, using multiple social networks, over a planned
lifetime, in the presence of players, fans, and owners. More precisely, the research ques-
tions we want to investigate are the following:

1. Can we identify different roles in an online challenge, based on their activity?
2. Can we determine which are the most effective actions that a manager can perform

to maximize the engagement of participants?
3. Can we build different profiles of users based on their behavior during the chal-

lenge?



We applied our model by performing a large set of experiments in the context of a
real-life scenario, called YourExpo2015, which featured about 750,000 social activi-
ties over a period of 9 weeks, with 9 corresponding challenges launched. We developed
the challenge progression in a mixed top-down and bottom-up approach: on one hand, in
every challenge we had the freedom of deciding engagement policies; on the other hand,
direct experience in one challenge suggested how to define or modify key elements in
the next one. Observation of the challenges allow us to draw interesting conclusions on
the effectiveness of the various actions that we performed (as managers) or induced (on
the players, fans, and owners).

The paper is structured as follows. We start with the related work analysis; then we
define a model of the actors, the actions, and their interplay. Then we briefly present
our technological framework and we extensively discuss our experiments within the
YourExpo2015 challenge, and we show the effect of the various engagement policies.
Finally, we discuss the results and conclude.

2 Related Work

Several works focused on analyzing and mining users behavior on social networks
[21,4,8]. We are not aware of work specifically dedicated to the engagement is social
network challenges; we therefore describe social engagement in other contexts. We use
the gaming paradigm of a photo challenge for engaging users and increase awareness;
this is in line with the gamification approach [5]Reward and reputation systems are at
the core of gamified applications, which builds upon incentive-centered design. This is
studied in persuasive technology [7], where games are seen as means to shape user be-
havior [12,14], or to instill desired values [1]. Factors that influence human behavior are
fundamentally of two types, namely, incentive and cost [13,16]. The former increases
and the latter decreases the motivation to complete an action. In this paper we exper-
imented with purely external and immaterial incentives, i.e., visibility gain [15]. User
motivations are very heterogeneous, and in particular they vary a lot depending on the
scenario [20] and on incentives can be dynamically tuned [2] or combined [17].

Engagement has been often measured in the context of online applications measur-
ing the actions performed by the users, such as page views, click-through rates and re-
turn rates [11]. These metrics have been used as basis for our measurement and mapped
to the concepts provided by the different platforms.

Various works studied the incentives and conditions that favor participation in In the
context of social networks, Irena at al. [3] study which are the most important factors for
customer engagement in the domain of a Facebook brand page. Yogo et al. study incen-
tives that stimulate activities in social networking services [22], while [19] examine the
conditions that encourage users to participate more intensively in social networking. [6]
studied the trade-off between the cost represented by the concern about personal data
privacy and the incentive of sharing personal facts, records or content.

Similarly to what we do, Kumar et al. classify social network users into roles [10]
and [18] study specific roles for the content tagging activity; however, our roles are
specific for challenge scenarios. Finally, some studies on social media try to understand
at which time the most social activity occurs [9].



3 Modeling Social Network Challenges

In the paper we focus on the specific case of content production challenges, i.e., any
kind of online games where users are requested to submit original content (photos,
videos, text or any other media). We start by describing a model of social network
challenge, as shown in Fig. 1: the model includes the actors, the actions, their interplay
in content production games, and external factors that influence engagement.

3.1 Actors

A social challenge requires the interplay of four kinds of actors.
– Manager. Sets the rules of the game, typically encoded in the game regulations,

and then performs the activities which are prescribed by such rules. In addition,
the organizer performs activities targeted to enhancing social participation, such as
boosting visibility of the top players.

– Player. Autonomously decides to play the game, typically for obtaining visibility
for themselves or for their content. Visibility is granted either by other members of
the social network or by the organizers of the challenge (or both).

– Fan. Follows the evolution of the game and decides the outcome by voting on the
content produced by the players.

– Owner. Initiates the challenge based on some business or marketing need. Ac-
cording to that, he assigns the practical execution of the challenge to the man-
ager. Owners include popular social accounts (actors, celebrities, institutions, well
known brands), or real world events that have a strong impact on the public (such as
TV programs, commercial advertising, endorsement by government or large com-
panies). Their high visibility supports the managers in boosting the social partic-
ipation; their actions may or may not be under the control of the organizers, and
thus the consequences may be hard to predict.

3.2 Activities and Actions

We identify four main kinds of activities which contribute to a social challenge, each
embodied in several actions.

– Invite. The purpose of inviting is to make the challenge known on the social net-
work and to convince potential players to participate. These actions may imply pub-
lishing of direct descriptions of the challenge, or evocative contents for the topic or
focus of the challenge.

– Contribute. The purpose is to participate to the game on the social platform of
choice. For content production games, this implies to submit original content (pho-
tos, videos or text) produced by the player, specifically devised for the challenge
and prepared during the challenge period. Some challenges may allow the player
to post content that was pre-existing to the challenge. This entails both content
produced by other people (e.g., photos or videos found on the web) or content pro-
duced by the player himself for other reasons (typically in the past) and reused for
the challenge. If the challenge is asking to enrich existing content, the contribution
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Fig. 1: Model of actors, activities and amplification effect in a social challenge.

may consist in expanding the content descriptions, through adding tags, location,
text, people or other entities to the content; or by identifying similar items or listing
the contents in some specific order or ranking.

– Appreciate. The purpose is to express and share appreciation for the activities or
content of a player, or for the participant himself, for instance by liking the con-
tent, i.e., annotating the content with a “like” or “preference” tag (typical in so-
cial networks like Facebook, Instagram or Twitter), or by following the player, i.e.,
declaring interest in the person and following his activities.

Invite and award actions are typically performed by the manager; contribute is per-
formed by players; while appreciate actions are performed by the fans, but can be tac-
tically performed by organizers and players too, in order to enhance the social partici-
pation. Typically, owners do not engage directly into appreciation actions, because they
must appear as neutral, and their size and visibility is incomparable to those of players.

The peculiar case of social-network based games enables an additional behaviour,
which is to generate Social Amplification of the actions, through social sharing. Social
amplification can be performed by any actor, upon the activity of any other. The effect
is that any activity can be made more visible and appreciated by a wider audience,
based on the visibility of the actor that performs the sharing. A crucial role in social
amplification is played by the owner, whose sharing activity can dramatically boost
visibility.

3.3 Other Aspects that Influence Engagement

Aspects such as the challenge’s staging, timing and multiplatform execution should be
also considered in organizing a challenge.

Staging A challenge can be a single-shot event, where players make their actions and
fans vote within a short time interval. However, an important aspect of social chal-
lenges is to build loyalty, which occurs when the players and fans become acquainted
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Fig. 2: Architecture of the system that manages and monitors the challenge.

with the game and repeat their actions many times. Loyalty can only occur when the
game is staged, i.e., it is structured in a way that allows a player to anticipate the game
progression and engage in a multi-action participation. Staging can be obtained by:

– Repeating the challenge periodically, with a winner for each period.
– Sub–structuring the challenge into phases, and giving to the player different task

to perform at each stage.

Influence of daytime Social amplification of actions is extremely different depending
on the time at which the action is performed and also of the particular day (e.g., work-
day/ weekend/ vacation). Time-dependent effects must be studied for each challenge,
e.g. certain challenges may attract higher participation during night time or weekends.

Cross-Social Network Fertilization Cross-network fertilization is made possible be-
cause most actors participate in multiple social networks at the same time (e.g., they
share content on Instagram and Twitter, and have friends on Facebook and collabora-
tors on LinkedIn). Thus, it is possible to influence their behaviour on one social network
through actions that occur on another one.

4 Implementation

We designed and implemented an architecture for analyzing and managing staged social
challenges, shown in Fig. 2. The architecture is layered, with an external layer, called
staging infrastructure, which generates several versions of the internal layer, called
single challenge infrastructure. They both are associated with several resources dedi-
cated to user interaction. Normally, these include a Web Interface which publishes the
rules of the challenge, and several social network pages, describing the specific por-
tion of the challenge which takes place on each social network. These resources may be
present only at the stage level, if each stage is managed as an independent challenge.



The staging manager holds information about the series of events which are as-
sociated with each stage, and in addition it manages global data analytics obtained as
the summary of the various stages. The organization of the challenge core is performed
by the challenge manager. It instantiates and manages several crawlers belonging to
predefined classes, that are addressed to specific social networks and perform specific
tasks, which are either content-specifications or account monitoring on each social
networks; some of them are automatic actions generated in response to the task’s out-
put (e.g., following accounts or liking contents). Some of the content-specific tasks need
to be organized through mini-workflows (e.g., the monitoring of likes given to a specific
content must follow the post of that content.) Crawlers activities are timed so as to re-
spect the constraints on API usage which are imposed by each social network; content
is accessed through the given challenge hashtag, generated by the staging infrastructure
and used as parameter in the calls to the social network APIs.

Data collected by crawlers are stored into stage-specific data analytics. Thanks to
several sensing techniques over the challenge evolution, it is possible to understand and
classify the behavior of players in terms of amount of activity, continuity of the actions
in time, reactivity to solicitation from organizers, willingness to share challenge content
and messages of the challenge, and extent of social amplification. Finalists and winners
can be automatically determined by the system based upon such analytics.

5 Experiments on YourExpo2015

Expo 2015 The Universal Exhibition Expo 2015 was hosted in Milano; it received over
20 million visitors in its 1.1 million square meters of exhibition area. Over a six-month
period, more than 140 participating countries run their pavillons around the theme of
guaranteeing healthy, safe and sufficient food for everyone. Expo 2015 created a num-
ber of marketing campaigns on traditional and social channels. In such framework, we
performed a set of experiments for increasing brand awareness of Expo 2015 before
the event, through the development of a photo challenge, called YourExpo2015. The
challenge has been independently managed by us, but has benefited of some interaction
with the official social accounts of Expo 2015; their actions can be considered as owner
activities according to our model. The objective of the experiment was two-fold: first,
we wanted to verify the effectiveness of our model in a real world scenario; second, we
wanted to respond to our research questions, and thus get insights on how the various
actors behave, in order to get information useful for organizing future challenges.

5.1 Purpose and Actions of the Challenge

The game YourExpo2015 is based on the social production of photos on Instagram,
in response to specific hashtags which are published every week by Expo 2015. The
purpose of the challenge is twofold: to engage users for increasing the visibility of
the Expo 2015 brand, and to collect relevant content associated to the Expo idea and
purpose. The challenge proposes at every stage two hashtags, paired in a way that hints
to a contrast (e.g., Fast/Slow, Art/Fun, Land/Sea, and so on). Although most
posted photos show food, they can be on arbitrary subjects. The best photo for each



of the two hashtags, separately selected, compose a postcard where the two photos
and hashtags are shown together; as the main challenge reward, Expo 2015 used the
postcards as header of its Facebook page. The challenge run for 9 weeks between Dec.
7, 2014 and February 21, 2015, with one pair of hashtag published every week.

Within the challenge we applied the model described in Section 3, in particular, we
devised two types of Invite actions:

– Announce: explicitly declares the start of the challenge, through posting of rules
of engagement, deadlines, or aim of the game.

– Recall: sends our reminders and repetitive messages about the topics, the game
rules, and the duration of the challenge.

We also covered Awards by mentioning players in three ways:

– Composite: a selection of four good photos posted until a given moment, with
explicit mention of the social accounts of the respective authors.

– Finalists: the selection of the four best photos of the current week, with explicit
mention of the authors. The selection is posted on two different social networks.
These photos enter the voting for the winner of that week.

– Winners: the post advertising the winners of the week.

Fig. 3 shows a typical history of votes (likes) expressed upon few photos, from the
initial posting of photos to the definition of the winner.

A few days after the start of the stage (Announce action), we repost the most voted
photos in a Composite, that consists of four photos. Then, we select the Finalists and
we publish them on Facebook; with a small delay we republish a Finalist post on Insta-
gram too, so that the finalists (whose identity on Facebook is not known to us) come to
know about the selection, and they start a second round of promotion through their Face-
book friends, thereby performing cross-platform engagement. Eventually, the winners
are selected (by counting its Facebook votes) and advertised through specific Winner
posts.

5.2 Structure and Rationale of the Experiments

We run 9 different experiments, corresponding to the 9 weeks of the challenge, instan-
tiated according to 4 different configurations, so that each experiment was repeated at
least 2 times within each configuration. When setting up each experiment, we relied on
the insight gathered during the previous runs in order to define significant variations of
the configuration. The four configurations devised for our experiments were:

– Amplification by Owner (first configuration): each challenge is run on Instagram
and starts with an announcement post. During the week additional recall posts
are issued, to remind about the ongoing challenge theme. The social amplification
action of the owner is scheduled on the recall post on the third day of the challenge.

– Amplification by Manager (second configuration): with respect to the first con-
figuration, we added the composite posts. They were issued two times a day, so as
to create competition and engagement around the selection.
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Fig. 3: Storyboard of a winning photo and monitoring of appreciation across social net-
work.

– Cross–platform Amplification (third configuration): we expanded the action to
multiple social network, namely including Facebook: every week we selected the
four most liked photos as finalists on Facebook (and subsequently on Instagram),
asking to vote for the best. Eventually, the winners are selected. In this configu-
ration we also added an automatic like (by the account of the challenge manager)
to every photo submitted to the challenge. Additionally, with respect to the second
configuration, we increased the number of award actions, by adding the selection of
finalists and winners. The actions of the owner were scheduled on the fourth, sixth
and seventh days of challenge (Thursday, Saturday and Sunday) and consisted in a
share of our announcement, recall and award posts.

– Amplification without Owner (fourth configuration): in the final configuration,
we run the challenge without the help of the owner, i.e., with no social amplification
by the owner. We also added an automatic action by the manager, i.e., the automatic
follow of all the players in the current challenge.

The expected result of this structure of experiment is to obtain a coherent pattern
of engagement, based on our actions. We consider the role of the owne asr particu-
larly relevant. Therefore, our expectation is to have a pattern with significant peaks of
engagement for every major social amplification performed by the owner.
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6 Experiment Results and Discussion

6.1 Players Participation

The complete cycle of nine weeks of challenges generated more than 600,000 actions
(post, like, comment) on Instagram and about 150,000 contacts on Facebook, with more
than 3,000 followers on Instagram and more than 2,000 followers on Facebook.

Fig. 4 shows the distribution of likes, comments, and photo posts on Instagram, for
each run of the challenge. The figure shows that in the third configuration, thanks to the
actions we put in place, we obtained a very good level of engagement. Conversely, in
the second configuration the engagement was rather low, but this was due to external
conditions (Christmas and New Year’s holiday weeks). The relative drop of engagement
in the fourth configuration (where we removed the actions of the owner) confirms the
prominence of the owner’s role.

6.2 Reactions to Actions of Organizers

Besides monitoring the overall success of the challenge in terms of photos posted, liked
and commented by players and fans, we also analyzed the response of the audience to
specific individual solicitations.

We verified that the different types of posts by the challenge manager generated
significantly different reactions of participants. For this test, we separated our actions
in classes and performed the t-test on the classes, comparing the distribution of likes
and comments of each group. The null hypothesis is that the different types of posts
generate the same amount of interaction. We used the Welch’s t-test, since the limited
non-normality of our data and because the assumption of homogeneity of variances
failed. We also applied the Holm-Bonferroni correction for multiple tests. We run our
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tests on two levels of granularity. Based on our model (see Section 3.2), we first con-
trasted invite actions (announcement and recall) with award actions (composite, final-
ists, and winners). Results of the test are acceptable, with p-value <0.001 both for likes
and comments.

Subsequently, we tested more in detail how the reactions to the different actions
differ from each other, by using the six classes defined above. Using the number of
likes as observed feature, the p-value is acceptable for most pairs of classes (11 over a
total of 15 pairs), confirming that the actions generated significantly different reactions.
For what concerns comments instead, the t-test failed in most of the cases. Indeed,
comments differently from likes, they are hardly triggered by external events, because
people decide to comment on content when they are driven by very specific personal
motivations.

Fig. 5(a) shows the number of likes and comments to our posts on Instagram, based
on the type of post; the diagram shows that composites and winners got the maximum
number of reactions. Most of reactions take place in the 12 hours immediately following
the posts.

An interesting feature of our challenge architecture is the ability to automatically
perform actions in response to the activities of players, that we monitor through crawlers.
In particular, in the third configuration we generated automatic likes to every posts, and
we inspected the player’s response to such automatic likes in the form of a follow action
to the official challenge account; in Fig. 5(b) the reaction is plotted as a function of the
total number of likes received by each user. It turns out that the first and especially the
second like got the strongest reaction (respectively with around 25% and 60% of follow
backs), while subsequent likes were less effective.

In the fourth configuration we also organized an automatic follow action to players,
and we monitored the player’s responses to our action; Fig. 6 shows such responses.
In general, we can see that most reactions occur within the first two-three hours. In
particular, as shown in Fig. 6(a), follow-back reactions are fast if the user are followed
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during the day, while they are very slow during the night. Fig. 6(b) shows the number
of photos posted after our follow. This type of reaction is very fast both during the day
and the evening. Finally Fig. 6(a) shows the number of like reactions. In this case the
reactions are fast in all the time slots of the day, as this action is less demanding.

In terms of volume, we noticed that the actions of players and participants are heav-
ily influenced by the daytime, with the majority of activities taking place from 7 am to
midnight, as expected, with peaks at lunch time and after dinner.

Fig. 7 shows the distribution of the reactions in the different time slots (night, from
midnight to 9am; day, from 9am to 5pm; evening, from 5pm to midnight). During night
hours the majority of reactions are of type like, with very limited amount of posts and
follow actions. During the day and evening the share of new photos (and follow actions)
increases significantly.

6.3 Cluster Analysis of Players

We applied cluster analysis to determine how users are involved in the challenge, ei-
ther as players or as voters; to evaluate their behavior, we selected the number of likes
and number of posted photos as dimensions. We first removed the outliers that were
qualitatively detected as the account of the organizer (YourExpo2015) and all the users
that liked only one image and never posted a photo (100k over 160k users), then we
run the k-mean cluster algorithms, which produced the clusters, shown in Fig. 8. The
number of clusters was determined using the Elbow Method, that consists in stopping
the k-mean algorithm when adding a new cluster does not decrease the squared distance
between each member of the cluster and its centroid. Clusters 7 and 1 group users who
specialized as players and voters respectively; then, clusters 6 and 4 group users who
were less active but still specialized. The other clusters include users which were active
in both roles, with decreasing activity going from cluster 3 to clusters 2 and 5. Clusters
6 and 7 identify the most active players (158 users), while cluster 5 represents the least
active users (57504 users).
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Clustering of users could be useful for increasing the success of a challenge, by ad-
dressing each type of message to a specific cluster of users. For instance, if the objective
is to increase the collected content in a creation challenge, the organizer should leverage
clusters 7 and 6; conversely, solicitation of votes or likes would should be addressed to
users of cluster 1.

6.4 Discussion

We close this section by summarizing the insights obtained with this experiment. It
is clearly important to use each social network at its best: in our experience we
used Instagram for posting and Facebook for final voting, while our attempts to propa-
gate attention using Twitter were less successful. Indeed, our challenge had no signifi-
cant/unexpected events, and thus it was not a suitable target for Twitter, that is notori-
ously very effective in spreading information about big events, such as terrorist attacks,
but also comparatively minor events, such as TED conferences.

It is quite important to produce regular challenges, e.g., through periodic staging,
so that many players may repeat their actions several times (e.g., several players of
YourExpo2015 posted tens of photos); repetition and long duration also helps in grow-
ing a large and fidelized audience. It is also important to be fully aware of temporal
factors, e.g., daytime or festivities, in order to properly plan automatic and owner ac-
tions that may engage new players. Temporal factors must be considered for any kind of
action, including the automatic ones which are useless/negative if posted when people
don’t react.

Mere announcements of challenges and call to actions fail to engage people, but ac-
tive management by managers pays. In particular, mentioning players is viral, espe-
cially when several of them are mentioned together, because this action stirs interactions
among them, even if they do not know each other in advance. Although players want to
win, the development of social relationship is perhaps an even stronger driver, therefore



Fig. 8: Clusters of users.

organizers should spend lots of efforts in creating mutual engagement. In our experi-
ments, composite mentioning of several players created a sub-network of participants
who positively interacted, both by contributing content and by mobilizing voters. This
constitutes a notable difference with respect to traditional crowdsourcing platforms,
where instead workers are not engaged by mutual actions or interactions.

Visibility provided by owner actions is fundamental to boost the challenge and to
keep it alive; assuming that owner actions are scarce / expensive resources, they must
be programmed in a way that provides maximum effect upon the players.

7 Conclusions

In this paper, we defined a model of the actors and activities involved in a social net-
work challenge; we demonstrated that social platforms are effective in engaging play-
ers in games for content generation or enrichment, and we illustrated how the different
choices of game organizers impact on the quality and quantity of player’s engagement.
Referring to our initial research questions, we can claim that:

1. We modeled different roles, which indeed perform different activities in the chal-
lenge, as reported also in our experiments;

2. We studied the different types of actions performed, and monitored which ones are
most effective action types with respect to the engagement;

3. We cluste red the users in profile “groups” based on their behavior.

Of course, the experimental results reported in this paper are relative to our context, but
many of them (e.g., those on individual engagement and on social reaction rules and
their timings) have general validity. The main objective of social challenges is to boost
social interest (on events, brands, etc.), but as a side effect valuable content is produced
or improved; thus, our model applies to an interesting class of games with a purpose,



where users produce results by being moved by non-monetary rewards. We are currently
planning an application of the method to brand promotion with large companies, e.g. in
fashion.
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