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• Noël Crespi1

Received: 7 December 2015 / Revised: 9 May 2016 / Accepted: 13 May 2016

� Springer-Verlag Wien 2016

Abstract Professional players in social media (e.g., big

companies, politician, athletes, celebrities, etc) are inten-

sively using Online Social Networks (OSNs) in order to

interact with a huge amount of regular OSN users with

different purposes (marketing campaigns, customer feed-

back, public reputation improvement, etc). Hence, due to

the large catalog of existing OSNs, professional players

usually count with OSN accounts in different systems. In

this context, an interesting question is whether professional

users publish the same information across their OSN

accounts, or actually they use different OSNs in a different

manner. We define as cross-posting activity the action of

publishing the same information in two or more OSNs.

This paper aims at characterizing the cross-posting activity

of professional users across three major OSNs, Facebook,

Twitter and Google?. To this end, we perform a large-

scale measurement-based analysis across more than 2M

posts collected from 616 professional users with active

accounts in the three referred OSNs. Then we characterize

the phenomenon of cross-posting and analyse the beha-

vioural patterns based on the identified characteristics.

1 Introduction

Online Social Networks (OSNs) have become one of the

most popular services in the Internet attracting billions of

subscribers and millions of daily active users.1 This

tremendous success has created a very profitable market in

which major OSN players have acquired an important role

on the current Internet. We can find three dominant OSNs

according to their number of subscribers: Facebook (FB),

Twitter (TW) and Google? (G?). While these systems

have been demonstrated to be very attractive to regular

users that perform a wide variety of social interactions on

them, they also present a golden opportunity to profes-

sional players2 (i.e., brands, politicians, celebrities, etc.) to

interact with a huge amount of potential customers/vot-

ers/fans to increase their reputation and popularity, to run

marketing campaigns, to attract voters, etc. In a nutshell,

we can find a number of professional players or users that

are using OSNs with a similarly professional goal.

Most professional users do not limit their activity to a

single OSN, but usually they have accounts in multiple

OSNs, including the most popular ones such as FB, TW

and G?. Then an interesting question is whether profes-

sional players use all OSNs in the same way, or actually

they use each OSN for different purposes. In other words,

when a professional user wants to advertise or notify some

update, does she publish that information in several OSNs?,

or contrary, she publishes it in a single OSN depending on

the type of information (e.g., if it is a personal update she
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publishes a post in one OSN, but in case it is a commercial

update she selects another OSN). We refer to the infor-

mation that a professional player publishes in multiple

OSNs as cross-posting activity. Therefore, if a professional

user publishes a post in FB and a post TW that contain the

same information we consider them as a cross-post.

To the best of our knowledge, although there are other

works that have analysed the behaviour of regular users

across two OSNs Ottoni et al. (2014), Crymble (2010), this

paper presents the first large-scale study on cross-posting

activity of professional users across the three major OSNs,

i.e., FB, TW and G?. We analyse the activity of 616

(popular) professional users with active accounts in the

three referred OSNs. Among these users we can find big

companies, politicians, athletes, artists, celebrities, public

institutions, etc. To perform the study we have analysed

more than 2M posts distributed across the 616 users in TW,

FB and G?.

The first contribution of this paper is a simple yet effi-

cient methodology that is able to precisely determine

whether two posts contain the same information and thus

classify them as a cross-post. This methodology relies in a

hierarchical algorithm implemented in two steps. The first

step applies NLTK (2014) to compare a pair of posts in a

fuzzy mode and provides a binary decision on whether they

actually represent a cross-post. Those pairs of posts

obtaining a positive comparison are already classified as

cross-post at this stage, while the pairs failing in this

comparison go to the second step of the algorithm. The

second step of the algorithm uses two metrics, cosine

similarity Singhal (2001) and string similarity Yang et al.

(2003), which provides a similarity value ranging between

0 and 1 for each pair of posts under comparison. Then the

closer the similarity value is to 1, the more similar the posts

are. We classify as cross-post any pair of posts obtaining a

similarity value � 0:5 for both metrics, cosine similarity

and string similarity. The validation of our methodology

shows an accuracy of 99 % for the classification of cross-

posts.

Based on this methodology, the first goal of the paper is

to characterize the cross-posting activity of professional

OSN users across FB, TW and G?. In order to achieve this

objective, we perform a data analysis that allows us to shed

light to three key aspects of the cross-posting activity.

(i) The first immediate question is whether the cross-

posting phenomenon actually exists, and if it exists what

fraction of the activity from a professional user is associ-

ated with cross-posting. (ii) In case the cross-posting

activity is relevant, we aim at understanding between

which OSNs it is more frequent. This means, can we find

more cross-posts between FB-TW, FB-G?, or TW-G??

(iii) Finally, we measure what is the benefit, if any, (in

terms of attracted engagements) that professional users

obtain from the cross-posting activity in compare to non

cross posts.

Once we have characterized the cross-posting beha-

viour, we study which is the preferred OSN of professional

users as initial source to inject information. Indeed, when a

professional user decides to publish her updates first in an

OSN than other, she is privileging the first OSN that

somehow is showing the ‘‘breaking news’’ for that user.

Finally, our last effort defines cross-posting behavioural

patterns for users with some representative characteristic

that determines their profile. First, we characterize the

behaviour of professional users with a strong preference for

initiating their cross-posts in a particular OSN using three

metrics: (i) similarity of their cross-posts, (ii) type of

content associated with the cross-post they publish, and

(iii) sites more frequently linked by the urls contained in

their cross-posts. In addition, we repeat the analysis but

classifying the users based on their median inter-posting

interval, which refers to the time gap between the moment

they publish the cross-post in the first OSN and the instant

it is uploaded in the second OSN.

In the following, we list the main findings of our

research:

(1) Cross-posting is a frequent practice across profes-

sional users. In median a professional user share in

other OSN 25 % of the posts published in FB and

G?, and only 3 % of the tweets. However, we must

note that professional users are much more active in

TW than FB and G?; hence, in absolute terms, the

TW account of professional users generate a larger

volume of cross-posts than G? accounts and similar

volume to FB accounts.

(2) The cross-posting phenomenon mainly happens

between FB and TW, but it is also relevant between

FB and G?. However, it is surprising that is more

likely to find a cross-post published in FB, TW and

G?, than only in TW and G?. Therefore, profes-

sional users do not find any benefit on sharing

information between their TW and G? accounts.

(3) Professional users attract a substantial engagement

in FB and TW when they publish cross-posts since

they attract 30 and 100 % more engagement as

compared to non-cross-post. However, in the case of

G? non-cross-posts attract 2� more engagement

than cross-posts.

(4) Among the 616 analysed users 50 % prefer FB as

most frequent option to initially upload their cross-

posts, 45 % prefer TW, and only 5 % give priority to

G?.

(5) Professional users with a strong preference for TW

publish cross-posts that: (i) are very similar across

the different OSNs, (ii) mostly includes textual
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content, and (iii) mostly include links to websites

different than OSNs sites.

(6) Professional users with a strong preference for FB

publish cross-posts that: (i) mostly includes audio-

visual content and (ii) mostly include links to content

stored in major OSNs sites.

(7) As the inter-posting interval decreases: (i) the sim-

ilarity of cross-posts increases, (ii) the portion of

audiovisual content attached to cross-posts

decreases, (iii) and a larger portion of urls included

in cross-posts refers to major OSNs sites.

2 Data collection methodology

This section briefly explains our data collection method-

ology to construct the required dataset to achieve the

objectives addressed in this paper.

Our first challenge was to identify a numerous group of

relevant professional users having active and popular

accounts across FB, TW and G?. To this end, we rely on a

large dataset that includes thousands of professional and

regular users with an account in the three OSNs collected

for a previous work Motamedi et al. (2014). From these

users, we were interested in those ones that meet two

requirements: (i) have an active account in FB, TW and

G?; (ii) present a high popularity in at least two of the

systems. We found 616 professional users that satisfy the

popularity requirement. We validated that the selected

users were actually relevant in all the three OSNs by means

of an external source Socialbakers (2014) ranks profes-

sional users in each system in terms of popularity. In

addition we validated that each of the selected accounts

belong to same users in three systems. To this end, we used

the feature of user verification which allows the owner of

the account verifies the validity of the page and this feature

is exist in all the three systems. We implemented a script

that check each of the accounts in three systems and ensure

that it is verified by the owners. Following we briefly

introduce the crawlers developed to retrieve the activity of

the professional users from each OSN. For more details on

these crawlers, we refer the reader to Motamedi et al.

(2014), Gonzalez et al. (2013):

2.1 FB crawler

The crawler receives a user ID (or username) as input and

uses the FB API to collect the posts published by the user

in her FB account. The API provides quite a lot informa-

tion from a post from which the most relevant for our paper

is: (i) the description of the post that refers to the text

included by the user in that post, (ii) the timestamp

associated to the exact publication time of the post, and (iii)

the type of content associated with the post, which could be

photo, video, link (when the post includes an url) and status

(that refers to the post that only include text). It must be

noted that FB API imposes a maximum threshold of 600

queries every 10 minutes. Hence, in order to speed up our

data collection process, we used multiple instances of the

crawler working in parallel.

2.2 TW crawler

The crawler receives as input a user identifier that can be

either the user’s id or the user’s screen name and queries

the Twitter API to obtain the user’s profile attributes, the

total number of published tweets, and the last 3,200 tweets

posted by the user along with the number of reactions

associated with each one of the user’s tweets, except the

responses (i.e., comments) for a tweet. Consequentially if a

user has published more than 3,200 tweets, we can only

retrieve the last 3,200. Twitter imposes a limit of 150

requests per hour per IP address. To overcome this limi-

tation, we use PlanetLab Chun et al. (2003) infrastructure

to parallelize our data collection process. Specifically, our

crawler sends requests to TW API using approximately 450

PlanetLab machines as proxies, so that we can multiply the

speed of our data collection in proportion to the number of

used proxies.

2.3 G1 crawler

This crawler is composed by two modules. The first one

collects the public profile information as well as the con-

nectivity information of all the users in the largest con-

nected component (LCC) of G?. This module is a web-

crawler that parses the web page of G? users to collect the

previous information. The second module uses the G? API

to collect all the public posts as well as their associated

reactions. Google limits the number of queries to the G?

API to 10K per hour per access token. In order to overcome

this limitation, we have created several hundred accounts

with their correspondent access tokens and leverage the

proxies infrastructure in PlanetLab explained above to

speed up our crawling data collection.

Table 1 Datasets description

OSN #Users Total #posts Avg. #posts per user

FB 616 422 K 685

G? 616 173 K 280

TW 616 1.64 M 2664
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Table 1 summarizes the datasets used in this paper. In

total, we analyse more than 2M posts published across 616

professional publishers in FB, TW and G?. Finally, it must

be noted that the collection campaign finished on May

2013; thus, our dataset may not include novel features

released by any of the analysed OSNs after that period.

3 Methodology to identify cross-posts

In order to being able to compare cross-posting activity of

professional users, we need to have an accurate mechanism

that detects when two posts are actually containing the

same information based on their posts’ textual descriptions

but intelligent enough to identify similar posts with addi-

tional information in one of the systems. For instance, a

given user could upload a post in FB and TW which refers

exactly to a recent event, but in the case of FB she uploads

a picture and in TW she adds a link to the picture. In other

words, a tool that only detects as cross-posts those posts

that are exactly the same in two OSNs is inaccurate for our

research. Hence, we have implemented a hierarchical

classification algorithm that determines whether two posts

can be considered as cross-posts in two steps. Then, given

the description (i.e., the text associated to a post) of two

posts, P1 retrieved from the account of user U in OSNA and

P2 published by U in her account of OSNB, our algorithm

proceeds as follows:

(1) We compare P1 and P2 using NLTK toolkit NLTK

(2014) that provides a binary decision based on the simi-

larity of the compared texts. NLTK Fuzzy Match generates

a positive answer (i.e., same text) when both texts are fully

similar. Therefore, in the context of cross-posting analysis

if NLTK Fuzzy Match determines that P1 and P2 are

similar, we can safely classify them as cross-post. How-

ever, in the case that the output is negative we cannot

guarantee that P1 and P2 are not referring to the same

information, thus we cannot classify them as non-cross-

post. In summary, all the pairs of posts receiving a positive

classification are labelled as cross-posts, while the

remaining pairs need to go through the second step of our

algorithm.

(2) We compare P1 and P2 using two other similarity

methods: cosine similarity technique Singhal (2001) and

string similarity method Yang et al. (2003). In summary,

string matching compares two strings word by word and

the result is a value that reveals the percentage of similarity

between both strings according to the number of words

appearing in both texts. More number of common words

will lead to a higher percentage of similarity. This method

is independent of the language and can compare texts and

words in any language. On the other hand, cosine similarity

method is useful to compare strings that include urls. This

complementary similarity check helps us to identify similar

texts that just have some additional info on them. These

two methods provide as output a value ranging between 0

and 1, so that the closer is the output to 1 the more similar

P1 and P2 are. Based on the obtained results, we classify P1

and P2 as cross-post if both metrics, cosine similarity and

string similarity, are C0.5. Later in this section, we validate

our methodology and demonstrate why we have selected

the 0.5 threshold.

The previous algorithm serves to classify any pair of

posts as cross or non-cross based on their description. In

addition, we must note that our algorithm is not bound to

any particular alphabet, so it can be applied in multiple

languages. However, the use of the hierarchical algorithm

is not enough for the purpose of this research. Following

we describe two more elements we had to integrate in our

methodology to ensure the accuracy of the results obtained

in the paper.

First, we had to define which pairs of posts should be

compared together. A straightforward solution had been to

compare, for a given user, each post in FB to all posts in

TW and all posts in G?. However, that option would be

inaccurate because we have observed that some users uti-

lize repetitive patterns over time. For instance, we found a

user that publishes frequently posts with the content ‘‘love

you my fans’’, thus following an all to all comparison

approach would lead to a wrong classification for quite a

lot cross-posts. In order to be accurate and efficient, we

applied the following methodology. Given a post PFB

published by a user U in her FB account at the timestamp

tFB, we compare PFB with all the posts that user U pub-

lished in her TW and G? accounts in a time window

starting one week before and finishing one week after tFB.

In other words, we compare each post in a time window of

two weeks around the date that post was published.

Second, TW API limits the number of retrieved posts for

any user to the last 3200 posts she published, while FB and

G? do not have that limitation and provide all the posts

published by the user since she registered in the system.

Hence, it may happen that for a given user we only have 6

months of posts for TW, but several years for FB and G?.

Therefore, in this case, it only makes sense to analyse that

user for the last 6 months because we would not be able to

determine whether the information associated to a post

published in FB or G? one year ago was also available in

TW at that time. Hence, in order to perform an accurate

study, we have restricted our cross-post analysis to the time

window imposed by the limitation of TW API for each user

in our dataset. It must be noted that the number of posts

depicted in Table 1 already consider this limitation.

We applied the described methodology to the selected

616 OSN professional users and we found 176K cross-

posts across their OSNs accounts.
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3.1 Methodology validation

In order to ensure the accuracy of the proposed methodology

three persons manually classified 12.8K random posts as

cross-posts or non-cross-posts. In order to have ameaningful

validation set we ensured that half of the posts had been

labelled as cross-post and half as non-cross-posts by our

classification tool. Then, given two posts published by a user

in two different OSNs we classify them as a cross-post if at

least two out of the three persons performing the manual

inspection indicate that both posts contain the same infor-

mation. This allows us to obtain a ground truth set to deter-

mine the false positive and false negative rate of our

methodology.A false positive occurswhen our tool classifies

as cross-post two posts (published by the same user in two

different OSNs) that are actually referring to a different piece

of information. A false negative happens when our tool

classifies as non-cross-post two posts that actually contains

the same information.

Based on the ground truth set, we compute the false

negative and false positive rate for our methodology using

three different thresholds for the second step of the algo-

rithm: 0.3, 0.5 and 0.7. Basically, a lower threshold requires

less similarity between the compared posts to classify them

as cross-post. Table 2 shows the false positive and false

negative rate for our algorithm when it uses each of the

evaluated thresholds. The results clearly determine that 0.5 is

a very good threshold since it presents a very low rate for

false positives (0.14 %) and false negatives (1.11 %).

However, on the one hand, a threshold of 0.3 imposes a very

low similarity to classify two posts as cross-post and thus it

presents an unacceptable false positive rate (15 %). On the

other hand, a threshold of 0.7 is too strict and it skips some

pairs that actually contains the same information and classify

them as non-cross-posts, thus presenting a poor false nega-

tive rate (4.5 %). Therefore, based on this experimental

validation of our methodology, we decided to establish a

threshold of 0.5 in our algorithm.

4 Cross-posting characterization

The first question we aim to answer in this section is

whether the cross-posting phenomenon exist in the activity

of professional users, and what is its weight in FB, TW and

G?. Following, we look at how this cross-posting occurs

among the three OSNs under analysis. To this end, we

quantify what is the volume of cross-posting happening

between FB-G?, FB-TW, TW-G? and FB-TW-G?, in

order to determine what pair of OSNs is actually sharing

more common information. Finally, we also want to

characterize the impact of cross-posting in the attracted

engagement measured in terms of likes comments, and

shares.

4.1 Quantification of cross-posting activity

The goal is to quantify the cross-posting phenomenon for

professional users in FB, TW and G?. Towards this end,

we compute for each user and each OSN the portion of

cross-posts with respect to all the posts each user has

published. For instance, given a user U and her FB account,

we compute how many posts published in that account also

appear in TW, G? or both. We quantify the same param-

eter for the TW and G? accounts of user U3.

Figure 1 shows the CDF for the portion of cross-posts

across the 616 users analysed in the three OSNs. The x axis

refers to the portion of posts and the y axis to the portion of

users. For instance, the point {x = 0.2, y = 0.4} in the line

associated to FB indicates that 40 % of the users have

B20 % of cross-posts in their FB accounts.

The first immediate conclusion extracted from the graph

is that most of the professional users have published some

cross-post. In particular, when we consider FB accounts we

find that only 6 % of the users do not have any cross-post,

which means for those users the information published in

FB can be found in neither in TW nor in G?. This number

grows up to 15 and 28 % for G? and TW, respectively.

Therefore, a vast majority of professional users published

some cross-post at some point. Hence, the first conclusion

is that in general professional users find some value on the

cross-posting activity.

If we compare the results obtained for the three OSNs,

we clearly observe that, in relative terms, the cross-posting

activity is more frequent for those posts published in FB

and G? than in TW. The results for TW show that most of

the tweets are not replicated neither in FB nor in G?. The

median value, which shows the typical portion of cross-

posts for a user in each OSN, shows that for a typical

professional user around 1/4 of the posts that appear in FB

and 1/4 of the posts that appear in G? are also available in

at least one more OSN. However, in the case of TW, out of

100 tweets only 3 of them are replicated in other OSNs.

Finally, we can find quite a lot professional users with an

3 It must be noted that for this analysis we do not take into account

where the post appears first, but only consider whether it is unique in

an OSN or it appears in 2 or 3 of them.

Table 2 Methodology validation, false positive (FP) and false neg-

ative (FN) rates of different similarity threshold (ST) in our cross-

posting identification methodology

ST[0.3 similarity ST[0.5 similarity ST[0.7 similarity

FP FN FP FN FP FN

15.006 0.194 0.140 1.117 0.016 4.593
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intensive cross-posting activity. In particular, 25, 23 and

1.5 % of the analysed users, in FB, G? and TW, respec-

tively, have published more cross-posts (i.e., � 50%) than

posts appearing exclusively in a single OSN. We refer to

these posts as non-cross-posts.

The previous analysis refers to the cross-posting activity

in relative terms. However, it is important to notice that,

according to the overall activity of the professional users in

our dataset, the publishing rate of professional users in TW

is 4� higher than in FB and G?. Table 3 presents the

median and average values for the absolute number and

portion of cross-posts per user in each OSN. The results

reveal that although TW presents a much lower cross-

posting activity in relative terms, it actually has a larger

number of cross-posts than G?, and it is much closer to FB

in absolute cross-posts number.

4.2 Inter-OSN cross-posting

Once we have demonstrated that cross-posting is a com-

mon practice among professional users in FB, TW and G?,

we analyse how cross-posting happens among them. Then,

our goal is to find whether professional users prefer to

share things in FB and TW, or rather it is more frequent

finding common posts in FB and G?, or actually there are

lots of cross-posts published in TW and G?.

In order to perform this analysis, we proceed as follows.

For a given user U we get all her cross-posts in FB (in-

dependently whether the first appearance happened in that

OSN or another one) and compute which portion of them

also appears in TW, which portion in G? and which por-

tion in both TW and G?. We repeat the same process for

the TW and G? accounts of user U. Therefore, for each

user we know what is the cross-posting level for the fol-

lowing relations: FB-TW, FB-G?, TW-G? and FB-TW-

G?.

Figure 2 shows the CDF for the portion of cross-posts

that occurs for the four referred relations across the users in

our dataset. Again in this figure the x axis refers to portion

of posts and the y axis shows the portion of users. Then for

instance the point {x = 0.4, y = 0.3} in the FB-TW line

indicates that 30 % of the users publish � 40 % of their

cross-posts in FB and TW.

The results in the figure demonstrate that professional

users perform much more cross-posting between FB and

TW than in any other combination of OSNs. This claim is

supported by the fact that in median a professional user

publishes 70 % of their cross-posts in FB and TW. In

addition, we can only find 8 % of the users that never

shared a post between their FB and TW accounts, while

this value grows to 30 % between FB and G?, to 40 % for

the case in which the three OSNs are involved, and to 55 %

when we consider TW and G?. Therefore, this last result

surprisingly states that is more likely that a user publishes

the same posts in the three OSNs than only in TW and G?.

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

Portion of cross posts

P
or

tio
n 

of
 U

se
rs

FB

G+

TW
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Table 3 median and average values for absolute number (and per-

centage) of cross-posts across users in FB, G? and TW

OSNs #Cross posts Portion of cross-posts (%)

Median Average Median Average

FB 114 231 26.42 32.14

G? 20 83 24.50 29.31

TW 85 196 3.34 7.36
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In order to complete this analysis, we repeat the

experiment for each OSN by only considering those cross-

posts that were first published in each OSN. Figure 3a–c

present the results for the cross-posts originated in FB, TW

and G?, respectively.

For the case of FB, we observe that a typical user (based

on the results around the 45th and 55th percentile) roughly

follows the next pattern for the cross-posts that are first

published in FB: 75–85 % are replicated only in TW,

10–20 % only in G? and around 5 % in both TW and G?.

In addition, in this case less than 5 % of the users do not

share any cross-post started in FB with TW, while this

value reaches 30 and 40 % for the case of G?, and the case

when a post started in FB is replicated in both TW and G?,

respectively. In the other extreme, we can find 40 % of the

users that only use TW for 90 % of their cross-posts ini-

tiated in FB. Finally, we could not find any user that only

chose TW and/or FB to republish all the cross-posts that

appeared first in FB.

In the case of G?, a typical user republishes exclusively

in FB around 70–75 % of the posts initiated in G?,

25–30 % in both FB and TW, and only 5–10 % in TW.

This result reveals that users believe that the information

published first in G? is definitely more interesting to FB

audience. In addition, the results reinforces the idea that

users do not see much interest on cross-posting information

between G? and TW. Finally, it is interesting to notice that

none of the users in our dataset has a flow higher than 80 %

of the cross-posts initiated in G? for any of the possible

combinations.

For TW we find the most extreme case. A typical TW

user republishes 90 % of her cross-posts initiated in TW

exclusively in FB, while she rarely republish in both in FB

and G? (around 5 %) and even more rarely only in TW.

These results confirm that also in the direction TW -[G?

there is very few cross-posting.

In a nutshell, we can find more cross-posting between

FB and TW (in either direction) than with G?, while the

specific cross-posting between TW and G? (in either

direction) appears as the least preferred option, since users

prefer to publish the information in all the three OSNs than

only in TW and G?.

4.3 Engagement analysis

A plausible reason of why professional OSN users publish

the same information across different OSNs is to try to

increase the coverage in order to engage as many end-user

as possible within their accounts. Therefore, in this sub-

section, we want to conclude whether cross-posts achieve

more engagement than non-cross-posts in FB, TW and G?.

In order to measure the engagement, we use standard

reaction mechanisms available for end users in OSNs:

likes, comments and shares4. As we acknowledge in

Sect. 2, our TW data collection tool could not retrieve

comments. These reaction mechanisms allow professional

users to interact with end-users through its OSN account

and obtain a very valuable first-hand feedback from them.

Therefore, engaging as many end-users as possible is an

important goal for professional OSNs users.

In order to measure the efficiency of cross-posts to

attract engagement in one OSN we measure, for a given

user U, the average engagement for U0s non-cross-posts

and U0s cross-posts initiated in that OSN in terms of likes,

comments and shares. We apply this methodology to all the

users for their FB, G? and TW accounts. Figure 4 shows a

scatter plot for FB, G? and TW for each of the engagement

type: likes (Fig. 4a), comments (Fig. 4b) and shares
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Fig. 3 CDF for portion of cross-posts in each possible cross-posting pattern for the cross-posts initiated in FB (a), G? (b) and TW (c)

4 This is the nomenclature employed in FB. A like is associated to a

?1 in G? and to a favourite in TW. A share is associated to reshare in

G? and a retweet in TW.
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(Fig. 4c). Each point in the graphs represents a user with an

x coordinate referring to the average engagement for non-

cross-posts and y coordinate referring to the average

engagement for cross-posts initiated by that user in that

OSN. In addition, all the figures include three lines (one per

OSN) showing the linear regression for the cloud of points

represented by an equation5 of type y ¼ ax. When the slope

of the linear regression, represented by the value of a, is

greater than 1, it means that for that OSN cross-posting is

worthy since cross-posts attract more engagement than

non-cross-posts in average.

The results demonstrate that cross-posts in FB and TW

allows professional users to attract more engagement than

non-cross-posts. However in the case of G? cross-posts

receive considerably less attention than non-cross-posts. In

more detail, a FB user attracts 39 % more likes, 32 % more

comments and 21 % more shares in FB when she uses

cross-posts instead of non-cross-posts. In the case of TW

cross-posting provides even more benefit in term of

engagement. This is, a cross-post initiated in the TW

account of a professional user attracts 2.47� and 2.1�
more likes (i.e., favourites) and shares (i.e., retweets) than a

non-cross-posts. Finally, in the case of G? a cross-post

roughly achieves 1/2 of the likes (i.e., ?1’s), 1/3 of the

comments and 1/3 of the shares compared to non-cross-

posts. Therefore, cross-posting seems to be a bad strategy if

the goal of a professional user is to attract as many reac-

tions as possible in G?. Finally, it should be mentioned

that the presented result in this section does not imply any

causal relationships between cross-posting and engagement

increment.

In summary, cross-posting exists and it is a frequent

practice across professional users in FB, TW and G?. It

mostly happens between the FB and TW accounts of pro-

fessional users, and it very rarely occurs between TW and

G?. Finally, in terms of attracted engagement, cross-post-

ing is beneficial in FB and TW, but not in G?.

5 Preference of professional publishers

Professional users utilize OSNs to interact with their fol-

lowers and share with them more or less relevant infor-

mation. In previous section we have demonstrated that

quite frequently an end-user can find the same information

in two (or more) OSNs. Based on this finding, in this

section, we tackle two interesting questions. First, we want

to know in overall which OSN is used more frequently as

first option to publish fresh information that later will be

republished in other OSNs. Second, we want to understand

what is the OSN that professional users prefer to publish

first the information. Answering the first question will

determine which OSN is used more times as source of

cross-OSN information, while the response to the second

question will roughly determine what is the OSN that

professional users value more to publish first their fresh

updates.

5.1 OSN-based Analysis

Table 4 shows the number and portion of cross-posts in our

dataset that were initiated in FB, TW and G?. The results

demonstrate that TW appears as initial source of informa-

tion for 45 % of the cross-posts closely followed by FB

with 42 %, while G? is rarely chosen as first option.

Finally, we find a very interesting result associated to the

10−2 100 102 10410−2

10−1

100

101

102

103

104

non−cross−posts

cr
os

s−
po

st
s

−o FB Likse: y=1.39*x
−− G+ Likes: y=0.55*x
−  TW Likes: y=2.47*x

FB
G+
TW

(a)

10−2 100 102 10410−2

10−1

100

101

102

103

104

non−cross−posts

cr
os

s−
po

st
s

10−2

10−1

100

101

102

103

104

cr
os

s−
po

st
s

−o FB Comments: y=1.32*x
−− G+ Comments: y=0.36*x

FB
G+
TW

(b)

10−2 100 102 104

non−cross−posts

−o FB Shares: y=1.21*x
−− G+ Shares: y=0.34*x
−  TW Shares: y=2.11*x

FB
G+
TW

(c)

Fig. 4 Users’ average attracted engagement per post, for cross-posts initiated in each OSNs versus non-cross posts. (a) Likes, (b) Comments,

(c) Shares

5 Usually a linear regression is represented as y = ax ? b, but in the

figure we just use y = ax, since we are interested in the slope, but not

in the offset.
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category ‘‘other’’ that represents those cross-posts that

could not be assigned to a particular OSN since they were

published exactly at the same time (i.e., same timestamp)

in at least two OSNs. It is surprising that almost 10K cross-

posts, which represent 5.3 % of all the cross-posts in our

dataset, experienced this parallel publication. This reflects

the use of automatic publishing tools that upload in parallel

some information to two or more OSNs.

As we determined in the previous section, most of the

posts are not published in all the three OSNs, but just two of

them. Therefore, it is interesting to analyse for each partic-

ular publishing pattern which OSN appears more frequently

as initial source of information. Table 5 shows the results for

all the possible cross-post patterns: FB-TW-G?, FB-TW,

FB-G? and TW-G?. First of all, the results confirm the

conclusion obtained in the previous section since 2/3 of the

cross-posts appear exclusively in FB and TW, 1/5 belong to

the category FB-G?, and as we already stated it is more

likely finding cross-posts across the three OSNs (10 %) than

only across G? and TW (3.4 %). In the most popular cat-

egory, i.e., FB-TW, TW appears as first option for 57 % of

the posts, while FB is chosen in first place only 36 % of the

times. When G? competes individually either with FB or

TW, it is source of information only 1/4 of the times. For

those posts published in the three OSNs, 1/2 of them appear

first in TW, 1/3 in FB and 1/10 in G?.

Finally, we want to highlight that all the categories

include some portion of posts that where published in

parallel at the same exact time in two OSNs. This phe-

nomenon is especially relevant for cross-posts between FB-

TW.

In summary, the OSN-based analysis demonstrates that

Twitter is the OSN selected as initial source of information

more frequently. FB appears as the second option close to

Twitter. Finally, G? is the least preferred option.

5.2 User-based Analysis

The OSN-based analysis revealed that Twitter is chosen as

first option for a larger number of cross-posts. However,

we cannot extract from that analysis that TW is the pre-

ferred OSN for most of the users, since it may happen that

very active users contributing a large number of posts

prefer TW but less active users prefer FB or G?. There-

fore, in this section we analyse which is the preferred OSN

for professional users. For a given user its preferred OSN

is the one she selected in first place for a major number of

posts. For instance, if a user has generated 20 cross-posts

from which 10 were first published in FB, 6 in G? and 4

in TW, we define FB as the preferred OSN for that user.

Table 6 shows the number and portion of users in our

dataset that prefer each OSN. The results reveal that half

of the professional users prefer FB, closely followed by

45 % of the users that prefer TW, while only 5 % of the

users chooses G? as initial OSN for publishing their post.

Therefore, FB and TW has exchanged their positions as

compared to the OSN-based results. As we indicated

above, the difference between the post-based and user-

based results comes from the fact that users tend to be

more active in TW.

Once we have classified professional users’ preference,

a subsequent question is, can we find users that shows a

strong preference for a particular OSN? In other words, are

there users that utilize as source of information one single

OSN for most of their cross-posts?

Table 7 shows the number and portion of professional

users in our dataset that choose either FB, TW or G? to

initiate 100 or 80 % of their cross-posts showing a clear

strong preference. In addition, we also quantify the number

and portion of users that publish in first place less than

50 % of their posts in all three OSNs and thus do not show

any strong preference. We can find 19, 11 and 2 users that

always choose TW, FB and G? as initial source for their

cross-posting activity, respectively. If we move down the

threshold to 80 %, the number of users showing a clear

evidence of which OSN they prefer grows a lot for FB and

TW, but not for G? that only accounts for 5 users. There

are 75 (12.18 %) users with a preference for FB and 102

Table 4 Cross-Posts initiated in

FB, G?, TW
OSN #Posts %Posts

FB 74355 42.17

G? 12002 6.81

TW 80497 45.66

other 9451 5.36

Table 5 Portion of cross-posts published for first time in FB, TW or G? for different cross-posting patterns: FB–G?– TW, FB-TW, FB-G?,

G?–TW

Cross-posting pattern #Posts % Posts % FB (1st) % G? (1st) % TW (1st) % Posts with same publishing time

FB–G?– TW 18619 10.56 34.93 12.32 49.80 2.95

FB–G? 34337 19.48 73.68 24.07 – 2.26

FB–TW 117276 66.52 36.28 – 56.80 6.92

G?–TW 6073 3.44 – 23.79 75.96 0.25

The table also includes the portion of posts that are published in at least two OSNs at the same time (i.e., exact timestamps)
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(16.56 %) with a noticeable preference for TW. In contrast

to these users showing a clear OSN preference, we can find

95 (15.4 %) users that are not biased towards any OSN,

even though they make use of cross-posts.

In summary, professional users are (more or less)

equally divided into those that prefer TW and those that

prefer FB, and very few cases that show a preference for

G?.

6 Cross-posting behavioural patterns

We have fully characterized the cross-posting phenomenon

as well as what is the preferred OSN for professional users

in the context of cross-posting. To finalize this paper we

want to explore the presence of explicit differences in the

cross-posting activity for groups of users presenting dif-

ferent but well defined profiles according to a given char-

acteristic. We will focus on two characteristics: (i) OSN

preference and (ii) inter-posting interval. First, the goal is

to determine whether there are significant behavioural

differences in the cross-posting pattern for professional

users showing a strong preference for TW, professional

users showing a strong preference for FB and agnostic

users. Second, we separately analyse whether professional

users publishing their cross-posts in two OSNs in a short

time window show some behavioural differences compared

to users that delay a lot the publication of the cross-posts in

the second OSN. We refer to the time window between the

publication in the first OSN and the second OSN as inter-

posting interval.

We characterize the cross-posting behaviour using three

parameters that will help to determine the difference

among the profiles we are comparing. These parameters

are: (i) the cross-post similarity value obtained from the

methodology described in Sect. 3, (ii) the type of content

associated to the cross-posts according to the category

assigned by the FB API to the posts, (iii) the website

associated with the urls contained within TW version of the

cross-posts (i.e., tweets).

Due to lack of space, we will perform this analysis for

the cross-posts shared between FB and TW that, as Table 4

depicts, represent 66 % of the total cross-posts, which

increases to more than 75 % if we also consider the cross-

posts that appear in the 3 OSNs (thus also in FB and TW).

6.1 Cross-posting behaviour based on preference

We create three groups of users according to the results

obtained in the previous section (see Table 7). The first group,

referred to as TW-favourite, is formed by the 102 users that

show a strong preference for TW. The second group, referred

to as FB-favourite is formed by the 75 users showing a clear

preference for FB. Finally, the last group is formed by the 95

’’agnostic’’ users that do not show any strong preference, and

we refer to it as Agnostic. Next we characterize the cross-

posting pattern for these four groups based on the three

characteristics introduced at the beginning of this section.

Figure 5a shows the CDF for the cross-post similarity

across the users in the three groups. The results show that the

users with a strong preference for TW publish more similar

cross-posts between FB and TW than the users that prefer

FB. In median TW-favourite group achieves an average

similarity close to 80 %, while FB-favourite and Agnostic

groups reach a median similarity a bit higher than 70 %.

In order to classify the type of content embedded in the

posts, we rely on the content type assigned by the Facebook

API to each post that can be: text, link, video or photo. It must

be noted that posts classified as photo or video by FBAPImay

not include the video or photo in TW, but a link to them.

Figure 5(b) shows a bar plot presenting the average portion of

each type of content publishedwithin each group.We observe

a substantial difference between FB-favourite and TW-

favourite groups. Users that prefer FB attach photos to half of

the cross-posts.Evenmore, users in this group are the ones that

publish a larger portion of videos. In contrast, TW-favourite

group includes users that publish much less photos and videos

(36 and 7 % in average, respectively), but much more posts

including only text (35 % in average). The agnostic users

ranges in between FB-favourite and TW-favourite.

Finally, we want to find what are the sites more frequently

linked from the cross-posts. For this we rely on the urls

included in the TW version of the cross-posts (i.e., tweets)6.

Table 7 Users classification based on different OSN preference cri-

teria: (i) users initiating 100 % of their cross-posts from one OSN; (ii)

users initiating C80 % of their cross-posts from one OSN; (iii) users

starting\50 % of their posts from all three OSNs

Criteria (%) #User #FB %FB #G? %G? #TW %TW

100 32 11 1.79 2 0.32 19 3.08

C80 182 75 12.18 5 0.81 102 16.56

\50 95 – – – – – –

Table 6 Preferred OSN per

user
OSN #Users %Users

FB 307 50

G? 30 5

TW 275 45

6 TW usually employs short urls. Hence, to obtain the website behind

the short urls, we had to reverse the process and obtain the original

urls from the short urls using ‘‘Expand url portal’’ (http://expandurl.

appspot.com/expand?url=http).
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We have found that the most popular websites linked

from cross-posts are actually OSNs. In particular, the

most linked sites are Facebook, Twitter, Youtube and

Instagram. It must be noted that a link to those websites

refers in most of the cases to some content (e.g. photo,

video, etc) stored in that OSN. Based on these results, we

analyse the portion of urls linking to those four sites and

we group together the remaining urls in a category

referred to as Other.

Figure 5 shows a bar plot depicting the average

portion of posts including a url linking to Facebook,

Twitter, Youtube, Instagram, and Other. Again the

results show different patterns for users preferring FB

and users preferring TW. For users in the former group

60 % of their urls point to one of the four OSNs, with a

clear preference for FB (26 %) and TW (22 %) and a

negligible presence of Instagram. In contrast, for users

in TW-favourite group more than 60 % of the urls link

to websites different than the four main OSNs. How-

ever, among the OSNs, Instagram is the most popular

one (22 % of the urls), while the number of urls for FB

is negligible. Agnostic users are the users including a

larger portion of urls to ‘‘Other’’ websites (almost

70 %).

In a nutshell, the cross-posting profile of a TW-favourite

user is as follows: (i) she has a higher similarity for the

cross-posts, (ii) she publishes more textual content than

audiovisual content, and (iii) she links more frequently

websites different than OSNs, but across OSNs it mostly

link content in Instagram. In contrast, the profile of a FB-

favourite user is as follows: (i) she mostly publishes audio-

visual content, and (ii) she mostly contains ursl linking

content stored on major OSNs, especially stored in FB and

TW. Finally agnostic users show an intermediate behaviour

between the TW-favourite profile and the FB-favourite

profile.

6.2 Cross-posting behaviour based on Inter-Posting

Interval

We have shown that professional users present different

cross-posting pattern depending on the preferred OSN.

Similarly, in this section we explore whether the inter-

posting interval time reveals different cross-posting profiles

as well. Towards this end, we group the professional users in

our dataset based on the inter-posting interval between FB

and TW (independently of the direction). In order to create

the groups, we apply the K-means clustering algorithm

MacQueen (1967) using as parameter the median inter-

posting interval of each user. We use this mechanism to

discover all the groups, except one that we form manually.

The reason for creating a manual group responds to the

fact that more than 5 % of the posts in our data set are

published at the same time in two OSNs, and this portion

grows to 7 % if we only consider the cross-posts between

FB and TW. Even more, 30 % of the cross-posts between

FB and TW are posted in both OSNs in a timer interval

lower than 10 seconds. Therefore, we thought that there

might be a relevant number of users that publish most of

their FB-TW cross-posts (in either direction) in less than 10

seconds. We make the assumption that for a human-being

is unlikely to manually publish a post both in FB and TW

in so short gap. Therefore, we consider that if a post is

published in both OSNs in a time interval lower than 10

seconds, it means that the user (e.g., the community man-

ager managing the OSNs accounts of the user) is utilizing

some automatic tool to upload the cross-post. Actually,

there is quite a few tools that provide this feature [Argyle

Social7, dlvr.it8, bufferapp9].
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Fig. 5 Cross-posting behaviour characterization based on professional users preference. (a) CDF of cross-post similarity, (b) Type of post,

(c) Website associated to urls

7 http://www.argylesocial.com/.
8 https://www.dlvr.it/.
9 https://www.bufferapp.com/.
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Based on this discussion, we have manually formed a

group that includes those users that have published more

than 1/2 of their cross-posts in less than 10 seconds both in

FB and TW. The group is formed by 69 professional users

from our dataset. We refer to this group as Automatic since

the users forming it are making an intensive use of auto-

matic tools to perform its cross-posting activity.

After creating this group, we run the K-means algorithm

MacQueen (1967) to classify the remaining users according

to their median inter-posting interval time. We have found

3 clusters whose characteristics (number of users, average

and maximum inter-posting interval) along with the char-

acteristics of the Automatic group are depicted in Table 8.

We refer to these groups as Quick,Moderate and Slow. In a

nutshell: (i) users in the Quick group publish their cross-

posts in both OSNs in the order of minutes, (ii) users in the

Moderate group take more than 2 hours, and (iii) users in

the Slow group takes a gap of more than 13 hours between

the publication in the first OSN and the time they republish

the post in the second OSN.

Following, we analyse the behaviour of the users in

terms of similarity, type of content, and links to websites.

Figure 6a shows the CDF for the cross-post similarity

across the users in the different groups for FB-TW. We find

a very interesting pattern that correlates the similarity to

the inter-posting interval. Basically, the shorter the inter-

posting interval, the higher the similarity across the cross-

posts. This actually is reasonable since if you publish the

same information in two OSNs within a very short of time

(e.g. \10s) the posts are going to look very similar.

However, if you post something in TW (FB) and you

republish the same information in FB (TW) after some few

hours it is more likely that you introduce some change.

Finally, we do not observe any relevant difference between

the Moderate and the Slow since the capacity of modifying

the post is the same for the associated intervals to these

groups.

Figure 6b show the portion of posts belonging to each

content category according to the type assigned by FB API.

Again we observe an interesting correlation between inter-

posting time and type of published content. As the inter-

posting interval increases, the portion of cross-posts asso-

ciated to audiovisual content (i.e., photos and videos) also

increases, while the combination of more textual content

(i.e., pure text ? links) decreases. In particular, the

quickest category, i.e., Automatic group, publishes around

45 % of audiovisual posts, which increases to 50 % for

Quick group and to 60 % for Moderate and Slow groups.

Therefore, it seems that automatic tools are employed less

frequently to upload videos and photos.

Figure 6c shows a bar plot depicting the average portion

of posts including a cross-post linking to Facebook, Twit-

ter, Youtube, Instagram, and Other. We observe a large

divergence for the results across the different groups. First,

almost 70 % of the urls included in cross-posts of users

belonging to Automatic group are linking to one of the four

main OSNs, with a strong presence for FB (25 %) and

Instagram (27 %). All the remaining groups contain more

urls linking ‘‘Other’’ websites than urls linking the four

OSNs. It is particularly interesting the very marked pattern

of the users in the Slow group for which only 15 % of the

links go to OSNs.

In a nutshell, as the inter-posting interval decreases:

(i) the similarity of cross-posts increases, (ii) the portion of

audiovisual content attached to cross-posts decreases, (iii)

and a larger portion of urls included in cross-posts refers to

major OSNs sites.

Table 8 Average and maximum cross-posting interval within Auto-

matic, Quick, Moderate and Slow groups

Groups #Users Avg (inter-posting interval) Max.

Automatic 69 2.3 Minutes 68 Minutes

Quick 159 8.3 Minutes 87 Minutes

Moderate 109 2.35 Hours 5.1 Hours

Slow 59 13.5 Hours 6.4 Days
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Fig. 6 Cross-posting behaviouar characterization based on inter-posting interval. (a) CDF of cross-post similarity, (b) Type of post, (c) Website

associated to urls
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7 Related Work

There exist several works that have studied the graph and

connectivity properties of Facebook, Ugander et al.

(2011), Backstrom et al. (2011), Gjoka et al. (2010),

Twitter Kwak et al. (2010), Cha et al. (2010), and Goo-

gle? Magno et al. (2012), Schiöberg et al. (2012). In our

previous study Motamedi et al. (2014), we perform a

head-to-head comparison of FB, TW and G? in terms of

connectivity and activity across different group of users.

In addition, there are other works in the literature that

compare two or more OSNs based on their graph prop-

erties Rejaie et al. (2010), Mislove et al. (2007) or other

social aspects Zhong et al. (2014). However, these works

do not consider the same users in the different OSNs for

their analysis since their goal is to characterize OSNs at a

macroscopic level.

There are only few works that try to characterize the

behaviour of the same user or group of users across dif-

ferent OSNs. The main reason is that it is not an easy task

to identify and collect the information of the same users

across different system and, in addition, it requires to have

one data collection tool for each system. There are some

few tools and platforms available in the market Social-

bakers (2014), PageData (2014) that provide some few

information (for free) of a given user across different OSN.

However, that information is usually limited to the number

of followers, the number of published posts, aggregated

engagement and/or popularity trends. Therefore, these

tools do not provide enough detail on the activity of a user

to perform a comprehensive analysis of its behaviour in

different OSNs.

Nevertheless, some few studies in the literature have

analysed the behaviour of the same users across different

OSNs Lim et al. (2015), Hughesa et al. (2011). Authors

in Crymble (2010) compare 195 users from the archival

community and study their activity pattern in TW and FB.

This is a small-scale study based on 2926 links to external

documents. In Hughesa et al. (2011), we find again a

comparative analysis for users having accounts in FB and

TW. This work studies the behaviour of 300 users from a

psychological perspective, and the results reveal a corre-

lation between end-users personality and their use of FB

and TW. Finally, the most similar work to our paper is a

very recent study Ottoni et al. (2014) that compares the

behaviour of 30,000 regular users across TW and Pin-

terest. Although this study similar in spirit to our work,

we differ from Ottoni et al. (2014) since we are focusing

in professional OSN players instead of regular users, and

we are comparing TW, FB and G? instead of TW and

Pinterest.

8 Conclusions

This paper presents the first large-scale measurement-based

characterization of the cross-posting activity for OSN pro-

fessional users across FB, TW and G?. We have used a

simple yet efficient methodology that is able to determine

with an accuracy of 99 % whether two posts, even from

different OSNs, contains the same information, and if so

classify them as cross-post. We have used that methodology

to classify more than 2M posts published for 616 profes-

sional publishers with active accounts in FB, TW and G?.

Following we list the main outcomes of the paper. First, we

have demonstrated that professional users frequently pub-

lish the same information in at least two OSNs, especially in

the case of FB and G?. Although professional users in TW

present a low portion of cross-posts, the fact that they are

very active implies that in absolute terms we can find quite a

lot cross-posts in their TW accounts. Second, a professional

user publishes (in median) 70 % of her cross-posts exclu-

sively in FB and TW, and around 15 % in FB and G?.

Furthermore, we demonstrated that the cross-posting

activity between TW and G? is negligible. Third, profes-

sional users benefit of cross-posting in their TW and FB

accounts since they attract 2� and 30 % more engagement

with cross-posts than non-cross-posts, respectively. How-

ever, cross-posts in G? lead to halve the engagement as

compared to non-cross-posts. Fourth, professional users

equally prefer FB and TW as initial source of information,

but they rarely choose G?. Fifth, users with a strong pref-

erence for TW present cross-post with a higher similarity

(across different OSNs), publish more textual content than

photos and videos, and use to include links to websites

different than major OSNs. In contrast, users preferring FB

publish mainly audiovisual content and a major portion of

urls in their cross-posts refer to OSN content. Finally, as the

user inter-posting interval time decreases: (i) the similarity

of her cross-posts increases, (ii) the portion of audiovisual

content attached to her cross-posts decreases as wall, (iii)

and a larger portion of urls included in her cross-posts refers

to major OSNs sites. As future direction of this research, we

aim to conduct a deeper user-level analysis to understand

how different categories of users are vary to each other

based on different strategies and metrics such as their level

of cross-posting activity.
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