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Abstract—A relevant fraction of human interactions occurs on
online social networks. Freshness of content seems to play an
important role, with content popularity rapidly vanishing over
time. In this paper, we investigate how influencers’ generated
content (i.e., posts) attracts interactions, measured by number of
likes or reactions. We analyse the activity of Italian influencers
and followers over more than 5 years, focusing on two popular
social networks: Facebook and Instagram, including more than
13 billion interactions and about 4 million posts. We characterise
the influencers’ and followers’ behaviour over time, show that
influencers’ posts are short-lived with an exponential temporal
decay, and characterise the time evolution of the interactions from
their initial peak till the end of a post lifetime. Finally, leveraging
our findings, we discuss how they can be exploited to develop an
analytical model of the interactions temporal dynamics.

Index Terms—Online Social Networks; Temporal dynamics;
Popularity evolution; User engagement; Facebook; Instagram.

I. INTRODUCTION

Billions of people use online social media applications such
as Facebook (FB) and Instagram (IG) as part of their daily
online activities. Social media applications represent indeed
a place to exchange opinions, getting news and maintaining
social interactions through posts, comments, and likes. In
particular, FB has been for quite a long time the most popular
social media application, while IG has experienced a surge in
popularity in the last few years. In both FB and IG, influencers
(i.e., popular users, groups, newspapers, or companies) post
content (i.e., the so-called posts) in the form of photos,
videos or texts. All users of these social networks can follow
influencers and like/react to such posts.

In spite of the significant attention paid to user-generated
content in online social networks (OSN), most of the existing
studies have analyzed content popularity as a function of the
total number of interactions (views, likes, etc.), measured at
the time data was crawled. Instead, little attention has been
payed on how content popularity evolves over time.

A body of work that aims at predicting content popularity,
considering its intrinsic characteristics and social interactions
features, can be found in [1], [2]. The main factors that
impact FB post popularity are identified in [3], through an
empirical analysis using multiple linear regressions. Similarly,
[4] highlights the characteristics related to the dynamics of
content production and consumption in IG, while [5], [6]
predict the popularity of a future post on IG by combining
user and post features.

Few works, instead, focus on understanding the temporal
dynamics of content generated in online social networks. The

decay in popularity over time, i.e., the rate of new interactions,
of Internet memes [7] is shown to be well modeled by a
negative exponential function. The work in [8] measures the
time evolution of popularity of images in Flickr, finding that
heavy-tailed distributions can represent the decay in rate of
new interactions over time. Instead, [9] finds that the most
popular Flickr pictures exhibit a close to constant interaction
rate. The study in [10] models the popularity evolution of
posts with Hawkes point processes, using Twitter data to fit
the involved parameters. Finally, [4] shows that the distribution
of likes to posts on IG is best fit by a power law, and it
suggests that popularity of media measured by the number
of likes might grow by a preferential attachment mechanism.
However, no evidence of this kind of evolution is presented.

Notice that a large-scale characterization of the temporal
evolution of the popularity of posts in OSNs is still missing.
In this work, we aim at filling this gap by providing an
experimental analysis of the time evolution of interactions with
user-generated content, both on a per-post and per-influencer
basis. To this end, we focus on the two popular social net-
works, namely, Facebook and Instagram, and investigate social
network interactions through posts. We analyze, model, and
compare user engagement and interactions, by leveraging a
dataset of more than 13 billion interactions over approximately
4 million posts of 651 Italian influencers on FB and IG. The
collected dataset covers a period of more than 5 years, from
January 1, 2016 to June 1, 2021.

In our previous work we already showed how these in-
teractions and their temporal dynamics are fundamental to
understand phenomena occurring in OSNs, such as political
discussion during the elections [11], and the impact of Covid-
19 [12]. Here we analyze such data aiming at answering
the following research questions. What are the behavior over
time and the popularity level of the posts published by the
influencers? How do followers interact with such posts? In
particular, What is the time evolution of the reactions to these
posts, and how can we model it?

Our main findings can be summarized as follows:

• Both influencer activity and user activity exhibit a char-
acteristic daily pattern, but with a different shape;

• The inter-arrival time of posts has a long-tail distribution,
reasonably fit by a log normal;

• On average 50% of user interactions occur within the first
4 hours after content creation on FB, and after 2 hours on



TABLE I: Features of the Italian influencers dataset we built,
as recorded in 2021

Influencers Posts Interactions Avg followers

Instagram 244 0.31mil. 9.36 bil. 1.19mil.
Facebook 407 3.57mil. 4.02 bil. 1.55mil.

IG; interactions arrival rate has an exponential temporal
decay;

• Most of the posts are short-lived, with a lifetime between
20 and 50 hours, after which they no longer attract
interactions;

• Content popularity can be well predicted by the interac-
tions received within the first hour or even from the first
15 minutes;

• The fraction of total interactions obtained within a given
time interval is correlated with the number of newly
published posts in the same interval.

We then discuss the above results underlying the main aspects
that an analytical model should capture, in order to accurately
represent user interactions on IG or FB.

II. DATA COLLECTION

We focus on monitoring the activities triggered by top
Italian influencers on the two aforementioned social networks.
To this end, we have built lists of the most popular Italian
influencers, including different categories. Notice that, by the
term influencer, we refer not only to individuals, but also
to groups, football teams, newspaper, or companies. Those
marked as Italian are the ones that mainly communicate using
the Italian language on the online social platform.

To get popular profiles, we have exploited the online analyt-
ics platform hypeauditor.com for IG, and www.socialbakers.
com and www.pubblicodelirio.it for FB. The analysis has been
restricted to the influencers that had at least 10, 000 followers
on June 1, 2021. The lists of influencers we used are publicly
available.1

For each monitored profile, we have downloaded the corre-
sponding metadata, i.e., the profile information, and all the
generated posts, using the CrowdTangle tool and its API2.
CrowdTangle is a content discovery and social analytics tool
owned by Facebook, which is open to researchers and analysts
worldwide to support research, upon having a partnership
agreement. Furthermore, for each post, we have downloaded
the number of associated interactions, along with their times-
tamp. Monitored posts are sampled by CrowdTangle within
the first 20 days (480 hours), with a higher sampling rate (up
to few minutes) closer to the publication time of the post.
Notice that, on IG, users can like posts, whereas on FB, they
can react to posts with a thumbs up or other five pre-defined
emojis. Thus, for each post, we have collected the number
of likes/reactions the post received, hereinafter referred to
as interactions, which are provided by CrowdTangle in an

1https://mplanestore.polito.it:5001/sharing/KhoYSXAHR
2https://github.com/CrowdTangle/API

anonymized manner. Finally, we have stored the data, which
takes around 110 GB of disk space, on a Hadoop-based cluster
and we have used PySpark for scalable processing.

Then, for each influencer, we have downloaded all the
data related to the posts published between January 1, 2016
and June 1, 2021. Table I reports the main features of our
dataset, separately for each OSN. The 651 influencers show a
large variability in the distribution of number of posts: some
influencers published few tens of posts, while others, such as
newspapers pages, up to 105 posts. Also, in the period under
study, influencers on FB published more than those on IG.
The main reasons are twofold: i) on FB more influencers are
actually pages or organizations, rather than single individuals,
and ii) many popular IG influencers did not exist at the
beginning of the considered time period (i.e., in 2016), or
have become active much later. The number of followers per
influencers (as recorded on June 1, 2021) varies between 10k
and tens of millions.

III. TEMPORAL USER ENGAGEMENT WITH POSTS

In this section, first we characterize the patterns of the
influencers’ and followers’ activity (Sec. III-A), and then we
analyze the time evolution of interactions (Sec. III-B). Finally,
we investigate the correlation between the interactions a post
attracts and the number of newly published posts (Sec. III-C).

A. Activity of influencers and followers

We first characterize the daily patterns. Fig. 1 presents the
Probability Density Function (PDF) of the influencers’ hourly
activity, obtained considering the time instants at which the
posts were published. The PDF accounts for all the analyzed
4 million posts. A 24-hour local-time clock is used, reported
according to the ISO 8601 standard. Likewise, Fig. 2 shows
the daily activity distribution of the followers (all 13 billions
reactions have been considered).

We observe that followers’ and influencers’ activities exhibit
similar patterns over the two considered social networks:
followers’ and influencers’ activities significantly decrease
during the night, with two peaks during the day. However,
it is interesting to notice that followers tend to be more active
later in the evening with respect to influencers. Also, the
observed PDF of the influencers’ activity suggests a strong
non-stationary behavior.

We now investigate the distribution of the inter-arrival
time between different posts. In particular, we focus on the
tail of the distribution, considering a time-scale of several
hours. Fig. 3 depicts the tail of the intertime of all posts
generated by the influencers, including the best fitting log-
normal distribution. The log scales in the plot suggest that
the log-normal distribution provides a substantially better fit
than what would be obtained by an exponential distribution
(i.e., under a Poisson process assumption). This is due to
the fact that influencers sometimes remain silent for (quite)
long periods. We also analyzed single influencers, and found
that, for the median influencer, the average posts interarrival
time is equal to 19 hours on FB, and 57 hours on IG. Then,

hypeauditor.com
www.socialbakers.com
www.socialbakers.com
www.pubblicodelirio.it
https://mplanestore.polito.it:5001/sharing/KhoYSXAHR
https://github.com/CrowdTangle/API
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Fig. 1: Daily activity (i.e., creation of posts) of the sampled
Italian influencers.
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Fig. 2: Daily followers’ activity (i.e., their interactions) with
the influencers.

fitting separately each influencer with a lognormal distribution,
on average we obtained a mean value of 2.0 and a standard
deviation of 1.4 on FB, and a mean value of 3.1 and a standard
deviation of 1.3 on IG.

B. Temporal dynamics of interactions

We now analyze the temporal evolution of the interactions
on a post, considering up to 20 days (480 hours) after the
creation of the post. We compute, for all the 4 million posts
and for every sample-time (rounded to the closest integer
hour), the fraction of received interactions with respect to the
total number of interactions obtained by a post after 20 days.
We consider fractions in order to compare different posts, and
different influencers. Finally, we compute the average over all
posts.

The results, representing the dynamics of the average frac-
tion of interactions over the first 3 days, are shown in Fig. 4,
using a log x-scale. One can notice that the majority of the
interactions occurs within the first few hours. On average, the
first hour accounts for 31% of all the interactions on FB (40%
on IG), reaching more than 80% after 1 day. Moreover, on
average, 50% of user interactions occur within the first 4 hours
after content creation on FB, and after 2 hours on IG. Thus,
the freshness of the post has a big impact on the attractiveness
of a post. Interestingly, the growth of the number of user
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Fig. 3: CCDF of the posts intertime for the influencers (loglog
scale).

interactions is faster on IG than on FB. However, after around
30 hours, the two curves converge. Considering each influencer
separately and considering all the times of the interactions,
we obtain that posts on FB are indeed characterized by a
higher interaction-time: on average, the expected value of the
interaction-time is 15 hours for FB, and 11 hours for IG.
Studying the evolution of the rate of new interactions, we
found that we can approximate it almost perfectly in the first
24 hours with a negative exponential decay function (with
mean equal to 5.4 for FB, and 8.7 for IG).

As expected, individual posts can have wildly different
patterns of interactions accumulation over time. For example,
we show results related to two specific posts on FB published
by a well-known influencer (namely, Giuseppe Conte, former
Italian Prime Minister). The temporal dynamics over the first
3 days since the posts creation, depicted with blue and red
markers in Fig. 5, shows a non-monotonic behavior of the
rate of interactions, which first decreases, and, then, after
some hours, increases again. We verified that this behavior is
essentially due to the non-stationary behavior of users’ activity
during the day (see Fig. 2), i.e., quasi-flat portions of the curves
correspond to night hours.

We now turn to the interesting question whether the total
number of interactions collected by a post can be forecast by
observing just the interactions received during a first initial
period after publication. This is confirmed by the results in
Fig. 6, presenting the total number of interactions versus the
interactions attracted after 1 hour, for the same influencer
(Giuseppe Conte). The corresponding value of the Pearson
correlation coefficient is 0.85. This strong correlation holds
even when considering the interactions received in the first 15
minutes (for which case, the Pearson correlation coefficient
is 0.83). Further, note the high variance of the number of
interactions received by a post, which can be attributed to the
large diversity in the posts’ intrinsic attractiveness. Similar
considerations apply to other influencers on FB, as well as
on IG.

Finally, we investigate the lifetime of the posts. We compute
the fraction of interactions at the sampled timestamps, and
compare them to the total number of interactions after 20
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Fig. 4: Average evolution of a post in terms of interactions
over 3 days.
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Fig. 5: Two examples of the evolution over 3 days of the
interactions to a post.

days. Then, for each post, we consider the time at which the
post has reached the 95-th percentile of its interactions and
define this as the lifetime of the post. To reduce the noise, we
considered posts with at least 1, 000 interactions. Fig. 7 depicts
the distribution of the lifetime in hours, using a log x-scale.
Interestingly, the difference between the two social networks is
small, even though on average FB attracted a smaller fraction
of interactions than IG within the first hours (see Fig. 4). The
median value of the lifetime is 33 hours for both FB and IG,
while the mean lifetime is 50 hours for FB and 55 for IG.

C. Impact of newly published content

We already observed that the arrival rate of new interactions
decay exponentially with time (Sec.III-B). To better under-
stand the nature of the arrival process of interactions generated
by a specific post, we asked ourselves whether it is affected
by the fact that, meanwhile, new posts are published by the
same influencer, reducing the ‘novelty’ of the post. From Fig. 5
(where newly published posts from the same influencer are
highlighted with vertical lines, in red for the first post and
in blue for the second one), we observe that in the first post
example many new posts are published within the first three
days, whereas, in the second post example, no new post is
published within the first 62 hours. On the other hand, after
12 hours the first post has already received 91% of its total
interactions, while the second post, after the same amount of
time, has collected only 70% of its interactions, due to the
fact that its interaction rate decays more slowly. Hence, it is
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Fig. 6: Total no. of interactions vs. no. of interactions after 1
hour.
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Fig. 7: Lifetime of a post computed as 95-th percentile of
interactions.

not easy to disentangle the impact of newly published content
from the variability of the interaction rate.

To better understand the impact of newly published content,
we considered a fixed period of 12 hours after the post cre-
ation, and computed the number of new posts published within
this period. Fig. 8 shows the average fraction of interactions
obtained after 12 hours, as a function of the number of
newly published posts in the same period, for all posts by
the previously considered influencer (Giuseppe Conte). We
observe a clear correlation between the two quantities: the
higher the number of new posts published within the first 12
hours, the faster the post approaches the end of its lifetime.
Indeed, in the absence of newly generated posts, a post on
average collects 72% of its total interactions within the first
12 hours; when 7 newer posts are generated in the same period,
the average fraction of collected interactions increases to 82%.
This clearly shows that the arrival rate of interactions also
depends on how many new posts are published meanwhile
after the post creation.

IV. DISCUSSION AND CONCLUSIONS

From our measurements and analysis, we have learned some
important lessons to be kept in mind while developing a
model for the temporal evolution of the number of interactions
received by a post: (i) Posts are characterized by an initial
attractiveness, which is highly heterogeneous even across the
posts published by the same influencer; (ii) The growth rate of
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interactions naturally decays over time, but the decay rate is
itself highly diverse from post to post, beside depending on the
considered social network; (iii) The interaction rate should be
modulated by the daily pattern of user activity, which appears
to be independent of the particular online platform; (iv) The
generation of new posts by the same influencer progressively
fades away the attractiveness of the original post. This can be
interpreted by the fact that users focus their attention at the
top of the timeline.

Despite the intrinsic difficulties to incorporate all above
features into a simple and tractable model, we believe that
a modeling effort in this direction would be valuable. In-
deed, our preliminary analysis suggests that, by observing
the very initial phase of the posts lifetime, one can predict
their popularity evolution and forecast the total number of
interactions collected at the end, which could have interesting
applications. Moreover, we plan to apply the derived dynamic
popularity model to help predicting the time evolution of
followers variations, possibly including external factors [13].
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