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Abstract

Magazine and newspaper publishers benefit from readershiptedies conducted by large

OAOAAOAE 1T OCATEUAOETTO8 4EAU EAI D DPOAI EOEET ¢ DPOI

OEAEO AT i PAOEOI 008 OOAAAOGO8 )1 1100 AOAAONK
findings that the publishing industry is interested in. In recent years, market research has
developed a new approach combiningsuch survey data with social media data. This
approach offersnew waysto analyze howsocial mediaaudiencescan be segmentedhow
readers choose between different medidhow they use mobile devices, and hownagazines

or newspapers compare to theircompetitors.

Tackling each of these research scenarios, this report summarizes a series of analyses
conducted at Vision Critical, a multinational market research technology compsg. By using
basic functions in R, a freely available statistical programming language, the analyses show

how this approach enriches results in a way that is useful for publishers.
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Introduction

Industry surveys suggest that magazine and newspaper publishers still need to
become more aware of how modern data ecosystems work, which possibilities data analysis
offers, and how they can benefit from the insights it generates. A 20 survey conducted by
Cxense, a software firm, found that 78 percent of US news publishers do not know how
many third parties are accessing their user data to drive their own revenuéPublishing

Profitability Survey Shows Mix of Optimism, Naiveté 2012)

Research and data analysis can not only bring profitability, but also shape the
strategies of companies, including publishing houses. Results published by marketing
agencies and research organizations, such as the Pew Resea@dnter, help publishers
make strategic decisions in a variety of areas. For example, they can review current trends
in usage of mobile devices to decide which ones to develop content for. In all of these areas,
results can be complemented by combining them with another field that hasecome an
everyday part of the publishing business for magazines and newspapers of all sizesocial

media.

Even big papers struggle to understand social media users and ittegrate them
into their plans of action. Discussed by professionals across thedimstry, the New York
Timesinnovation report that leaked in the spring of 2014 asked one essential question:
O( 1 x ARimesh@dorie more digital while still maintaining a print presence, and what
EAO Oi AEAT CAeo ! OEAA £AEOIT drepQitdses| ithaked dear M@ ET T AT Al
understanding its social media followers and their behaviour would enable thdimesto
turn their 8 million fans on Facebook and more than 13 million followers on Twitter into a
useful source of insight. This intersectiT AAOx AAT DOAI EOEA0OE OAOAAOA
networks is exactly where market research can provide new possibilities through a
combination of survey and social media data analysis. In recent years, this approach has

been tested in various industries, ielding meaningful results: in late 2013, the GfK Group



connected the results of a social media analysis with survey data from its panels to show
that users of YouTube, Facebook, and other platforms who had been exposed to a make

campaign spent 20 percet more on cosmetic products than norusers (Waldheim 2013).

This report demonstrates how a combination of these two sources of insighg
survey data and social media datg can provide value to publishers in the newspaper and
periodicals industries. Sumnarizing a series of highlevel analyses conducted at Vision
Critical (VC), a multinational market research technology company, the report describes
how these complimentary sources of insight can address known scenarios from readership
and social media resarch. VC has published several reports and white papers on its
projects combining social media with survey data, covering several fields such as the
collaborative economy and charitable giving in North America(Owyang, Samuel and
Grenville 2014). While all of these reports are based on studies that were specifically
designed to address these areas, this report uses data from several separateveys that
focus on media usage. They were run as a part of VC's regular market panel surveys and not
created with this particular project in mind. Hence this report does not describe one
coherent study, but rather instances where a combination of survey and social media data

can address research scenarios that publishers are interested in.

Looking at the research ladscape that serves publisherscurrent solutions to
known scenarios in the newspaper and periodicals industries do not integrate social media
datato generate insights(see Part 1). To shovwhow the offering can be complementedvith
a combination of surveyresponses and social media dafathis report investigates four
research scenarios (see Part 2) The first scenario analyzes howpublishers can segment
their social media audience basedn data imported from Facebook.Scenarios two and
three explore readers media @nsumption and usage of mobile devices, respectively,
highlighting patterns that show how social media usageaffects these two kinds of
readership behaviour. Lastly, the fourth scenario connects Facebook data with online
readership in order to conmpare the popularity of two Canadian news websitesThe results

are discussed as a whole in Part 3.



Part 1.

The Research Landscape

To understand how social media data can complement the research for publishers,
it is important to first review current findi ngsin each of the relevant areas. Bexplaining
methodologies and results for social media segmentation, choice of media, usage of mobile
devices, and benchmarking, Part 1 provides the necessary topical background for each

scenario.

1.1. Social media research: audience segmentation

10 &I O OACi ATOET C 1TTA80 AOGAEATAA 11 O1AEAT i
agencies offersurvey-basedtypologies of Faceboolusers. They argue that knowing about
the different kinds of social media users helps publishersake informed decisions for their
campaigns. Aimia, a company managing customer loyalty programs, has run several surveys
to create a set of such social media personas. According to Aimiassd 1 1 AA OT 1T OET x0d6 |
up a large part of the social media audiece. They have low income and are barely active on
Oil AEAT T AOxT OEO8 /1 OEA 1 pbPi OEOGA AT A T £ OEA OAA
deeply engaged social media enthusiasts, but make up only three percent of the adult US
population (Rozen, Askalai and Senn 2012) Given that this is just one of innumerable

approaches, there is definitely no perfect solution.



1.2. Readership research

121 Choice of media

For publishers it is essential to keep up with readership trends, such as which media
different groups of readers prefer. One of the associations that publishes studies on this
subject, the Pew Research Centre, saw social media on the rise as a news source in 2012. As
opposed to print media and television, which both had lost the attention of larggroups of
media consumers, social media was continuously winning American readers. As the
#A1T OOA6O OAPT OO 11 OAOGh OEA PAOAAT OACA 1T £ PAT PI A
on a social media site had doubled from 9 to 19 percent between 2010 and ZD&lone (19
to 36 percent when looking at social media users only). The report also mentions that the
amount of Americans who use a combination of traditional news sources, including print
newspapers, increasedo up to 38 percent since the last studyHerce, while social media
has initially often been thought of as a channel driving traffic to publishers' own sites, it has
also become a news source of its ow(in Changing News Landscape, Even Television is
Vulnerable 2012).

Studies like this one show mediaisage patterns of groups of readers, which affect
newspaper and magazine publishers as much as they affect TV and radio broadcasters. They
also remind publishers of the essential fact that readers differ by their media choices and
that their usage patterrs are always changing. The samean be said abouthe usage of

mobile devices.

122 Usage of mobile devices

Readership patternssuch as the one highlighted by the Pew Research Centre can
also be influenced by usage of mobile devices, a research area iriiggged by a variety of
organizations. Magazines Canada, for example, periodically publishes a Digital Magazine
Fact Book covering this topic. The survey data for this public report comes from the Print
Measurement Bureau, a Canadian neorofit organization that gathers statistics on print
media readership. In the latest issue from 2013, the results show that Canadian ownership

of ereading devicesz including tablets and ereaders z has doubled from 9 to 21percent



between 2012 and 2013(Digital Magazine Fact Book 2013) Compared to 2011, when only
7 percent of Canadians owned a tablet, these numbers show that mobile device ownership

is increasing(Digital Magazines Fact Book 2011)

1.23. Benchmarking

Another topic of readership research relevant to publisers is how their publication

compares to its competitors. Studies and metrics can tell them how many readers digital

editions or websites attract, and allow them to distinguish top performers from magazines

that have yet to become successful in digital nikets. By doing so they can find out which

publications were able to increase their readership, benchmark their own performance

against them, and review their strategies to follow these more successful examples, which

are often identified as such throughli AOOOOU OODOAEAOG8 )1 ¢mpoh ' A+80
Consumer showed not only that digital readership nearly doubled compared to the year

before, but also thatESPN The Magazinea sports title, was among the biggest winners in

digital with about 1.1 million readers (Bazilian 2013).

1.2. The role of social media data for current research

In each of theabovescenarios, social media data can enrich findings in several ways.
In general, it allows publishers to see how the results differ among different gr@s or
OOACIi AT 06 1T &£ &AAAATTE AT A 4xEOOAO OOAOOS

The advantage of having data from Facebook available for audience segmentation is
that it allows researchers to consider actual online behaviour when building their segments,
without having to rely on selfreported usage of social networks, which may not reflect
usage patterns accurately. To elaborate the importance of this difference, one might
AT T OEAAO OEA AAAOOAAU T &£ A OOAOBO COAOGO 1T &£ ET x |
Facebook compared to te actual count as tracked by the platform itself. Hence, imported
data widens the existing spectrum of possibilities to build segments that publishers can use

for campaigns and other strategic decisions.



When it comes to readership research, analyses cahaw which kinds of media
Facebook users with a lot of friends prefer and compare the results to respondents that
have relatively few friends on this platform. As for the usage of mobile devices, analysts can
explore if and how social media variables can pdict how much time certain users spend
(] OEAEO Oi AOOPETTAO AT A OAATAO o#08 , AOGOI Uh
benchmarking their publication against competitors, social media data can clarify if certain
successful titles attract more active or moe influential social media users than their

competition.

To explain some of the framework of theesearch the following chapters will give
an overview of the dataset, the methodology of the project, a brief description of the

variables used in this report and how they can be categorized.



Part 2.

Social Media Data Analysis

While the preceding chaptes have explained the scenarios, Part 2 deals with the
methodology of this project, including the structure of the data and the variables used for

the analyses, as well as the actual analyses

2.1. Research Overview and Methodology

2.1.1. Description of the dataset

As stated in the introduction, the data used for the following analyses is proprietary
to VC. It was gathered in online surveys on two market panetiat the company manages:
the Angus Reid Forum (ARF), a Canadian online panel, and Springboard America (SBA), its
US counterpart. The social media data used for this project was imported by VC after
respondents had given the company permission to do so drselfreported in an online
survey, depending on the vamble in question (see Appendix A The dataset used for this
project contains 2,688 respondents who have provided Facebook usage data in one or both
of the aforementioned ways and 1,231 respondent@ho have done the same for Twitter. As
Figure 1 shows, there is an overlap of 871 people. All of these panelists have also taken a

survey on their media usage.

1 All of the data pointsz survey responses, seifeported and imported social media data stem from
different surveys. They had to be merged into one dataset before the analyses. In this case, all files
need to be merged using a unique identifier for respondent because it needs to be clear which
piece d data belongs to which respondent so that the files can be combined correctly. R offers
merge functions that can handle this case.



Facebook users

Twitter users

1817 871 360

Figure 1 Dataset structure

2.1.2.  Description of the variables used in this report

Looking at the social media variables imported from Facebook and Twitter, each of
them can be understood as a different dimension of social media usage. While Facebook
friends and Twitter followers say something about the influence of the mondent in
NOAOGOEI T h OEA 101 AAO T &£ &AAAATTE OI EEAOGOG AT A 4 xE
the content on the respective social network. The imported variables all contain
behavioural data, i.e. data on the online behaviour of the respondentshd survey variables
stem from studies conducted by VC on ARF and SBA, all of which are related to media
consumption and the other scenarios outlined in Part 1. They can be considered different
dimensions for measuring media usage and readership overall (8eAppendix A for a

complete list).

The first scenario, social media audience segmentation, will elaborate only social
media variables to identify different groups of users. All other scenarios put them into

relation with a readership variable in order toshow how the two areas can correlate.



2.2. Analyses

2.2.1. Social media audience segmentation

For publishers, highly influential Facebook users might be a more attractive target
group for campaigns than people with fewer connections. It is the definitionfesegments
that can enable publishers to hone their strategies in this area. In this particular case,
influential users can be identified through their number of Facebook friends. Thaumber of
influential Facebook users, for example, becomes clear wheroking at the distribution of
Facebook friends. This step also makes it easier to define concrete cut lines for more and

less influential users.

The distribution of Facebook friends in Figure 2 indicates that the majority of
Facebook users in this datasetdwe fewer than 250 connections on this platform? Given the
distribution, users with more than 500 or 750 friends @n be considered asparticularly

influential.

0.0020 -

0.0015-

Density

0.0010 -

0.0005 -

0.0000 -
1 I 1 1 1
0 250 500 750 1000

Number of Facebook Friends

Figure 2 Kernel density plot for Facebook influence
Note. N=2129

2 Like histograms, kernel density plots visualize the distribution of a variable, i.e. how often certain
values occur in a dtaset. For reasons of simplification, this plot only shows the area from 0 to
about 1,000 Facebook friends (roughly four standard deviations of the plotted variable, the
standard deviation being a unit for the dispersion of values from the average).



By adding visiting frequency to the chart, influence can be put into relation with
another important variable (see Figure 3). The respondents can be divided up into three
equally large groups according to how often they visit Facebook each week. The average
number of Facebook friends in each of these groups, indicated by the dashed vertical lines,
increases linearly from 106 (0 to 6 visits) to 176 (7 to 19 visits) to 240 (20 or more visits

per week).

0.008-

0.006-
2
B Facebook visiting frequency
S 0.004- 0 to 6 visits per week
a 7 to 19 visits per week

20 or more visits per week
0.002-
0.000- ,
0 250 500 750 1000
Number of Facebook Friends

Figure 3 Kernel density plot for Facebook influence by visiting frequency

Note N=1575

7EAT OADI AAET C OEOEOETI ¢ AEOANOAT AU xEOE
similar differences occur.The means for the three groups in Figure 4 are 126, 191, and 235
Facebook friends they increase jst as steadily as in Figure 3. In other words, the more

often respondents visit or post updates to Facebook, the more likely they are to have more

friends.
0.008 -
0.006 -
>
5 Facebook updates
GC) 0.004 - 0-1 update per week
o 2-13 updates per week
14+ updates per week
0.002-
0.000- ,
0 250 500 750 1000
Number of Facebook Friends
Figure 4 Kernel density plot for Facebook influence by updates

Note. N=2129
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The number of Facebook friends might seem patrticularly interesting to publishers
OET AA EO OAmxEI AAOO ET &£ OAT AA AT A OEAOAAU bDPAIT Pl AS
lot of other users. Looking closer at the distribution for posting frequency cacomplement
OEA DEAOOOA 1T &£ TTA60 AOAEAT AA AU AAOAOIETEIC EI
the audience are. For instance, publishers who wonder why their Facebook site does not get
more comments from their followers might have to take into acount that large parts of the

audience on Facebook are, in fact, quiet (see Figures35).

400 -
2]
=
3
O 300-
(o]
o
w0
2
5 200 -
o
0
E 100
=
0- SR
0 25 50 75 100
Number of Facebook updates in the last 30 days
Figure5 Histogram for Facebook updates

Note. N=2129

A big group of Facebook users has posted fewer than five updates in the past 30
days. Ths raises the question if those people are actually active on Facebook. Table 1, a
crosstab of Facebook updates versus visiting frequency, can help describe this audience

segment better.

3 This histogram shows how many respondents have posted a certain number of Facebook updatesin
the last 30 days$ OA O1 &AAAATTEB8O OAOOOEAOQEITO 11 Aobi OOEI ¢ /
imported variable is set at 100 posts, so the respondents at the rigbhd of this plot actually may

have posted more updates.

11



Table 1 Facebook visiting frequency, segmented by number of updates

Number of Facebook updates posted in the

last 30 days
On average, how many
tlmt_es_?;/veelg dokyf/)ou Oto 1FB 210 13 FB 14 olr:énore Total
VISIt Facebook: update per updates
updates per
week per week
week
0 to 6 FB visis per 333 76 44 453
week 56.3% 9.8% 5.8% 21.3%
7 to 19 FB visits 180 470 238 888
per week 30.5% 60.3% 31.2% 41.6%
20 or more FB visits 78 233 482 793
per week 13.2% 29.9% 63.1% 37.2%
Total 591 779 764 2134
100.0% 100.0% 100.0% 100.0%

up=821.694 -A /EE 1,=0439 Ep=0.000

About 45 percent of respondents who posted up to one updati the last 30 days
self-reportedly visit Facebook at least seven times a week, which is roughly equal to once a
day# In other words, even quiet Facebook users are aeely visiting this social network. By
finding out about the distribution for their individual follower base on social media,
publishers can better adjust their strategies to their readers on social media overall,

knowing that a large part of their audiene might not be very vocal on this platform.

4The values at the bottom of this table are statistics that describe the extent of the relationship
between the two variables. They refer to the entire table. Since it is not the purpose of this gao
explain the mathematics behind them, only a rough oveiew is given: in general, the chisquared
O A1 &ikdicates if the relationship is significant. In this caseg22 is a very high number and likely
significant, which also depends on the degrees of freedom (df) and the significance level. The
significance level is a threshold value of p that should not be exceeded by the p value of the
analysis. Unless specified differently, if p is smaller than 0.05, the result can be considered as
OECT EAEAAT O8 #OAi 1080 Oh A OAl OknpdtdnttheOAA AO BAR
relationship actually is. It ranges from 0 to 1. In this case,4B9 implies a verystrong relationship
(Crosstabulation with Nominal Variables n.d.)

12
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This raises the question of why such a large part of the audience on Facebook is not
posting updates and yet visiting the network. The answer might be simple: Facebook offers
many different activities that do notET OT 1 OA BI OOET ¢ch OOAE AO OAAAEI
passive consumption of content, which is not as measureable as liking and posting updates,
always has been a part of the platform experience and presents a challenge for media
strategists who want todrive measurable user engagement to their pages. As this scenario
shows, data analysis can help publishers make this behaviour visible, allowing for more
precise strategies, like testing which messaging or content resonates well with the quieter

groups onsocial media.

2.2.2. Choice of media

This is the first research scenario in which social media data is put into relation with
readership variables, such as newspaper readership. Before looking at the data, the
guestion is which social media variable is mddikely to predict or correlate the readership
variable and can hence produce meaningful results in a contingency table. Thigigahle will
act as the columnwhichis alsocalldd A OAAT T AO6 E for the Ar@lgsl,vhicdh A OAAOAE h
is the base of respndents that researchers want to say something about. For this decision,
researchers can look at the correlation between the variables they are interested in, i.e. each

of the Facebook variables and pnit newspaper reading frequency.

The amount of FacebooKriends is most highly correlated with print newspaper
reading frequency. As the results show, there are interesting differences in the reading
habits of people who read newspapers daily and those who read them less often (see Table
2). There is a consideble change along the segments of the banrerin general, people

who have a lot of friends on Facebook are less likely to belong to the group who read print

5 This means that both variables are treated as numeric variables, even though they may b
AAOACT OEAAI jEAOGETI C OAI OAO 1 EEA O! COARd AT A OSEOACO/
change in one variable affects the other. This procedure only makes sense when the scales of the
categorical variables reflect an increasing or decreasingpAAOh 1 EEA O! COAARSG O. AEOEA
AEOACOAARS AT A OSEOACOAAB86 )O xI O1T A 110 1 AEA OAT OA (
O$EOACOAARG AT A O$1160 ETiI xo6 O A Al OOAI AGEI T £&£O1 E
successor of the second an R offers a series of functions and tests to compute correlations and
make decisions easier for analysts.

13



newspapers daily: from the lowest to the highest segment, the percentage of daily readers
of print newspapers decreases from one third to about 19 percent, a change of roughly 13
percents

Table 2 Print newspaper reading frequency among Facebook users, segmented
by influence

Five groups based on their number of
friends on FB (segments based on

How often do you quintiles)
read print Fewer Total
newspapers? than 39 39to78 79to149 150to 273 o0r
B FB FB 272FB  moreFB
. friends friends friends  friends
friends
Daily 131 139 105 81 81 537
32% 32% 24.4% 19% 18.9% 25.2%
Less often 279 295 325 346 347 1592
than daily 68 % 68 % 75.6% 81% 81.1% 74.9%
Total 410 434 430 427 428 2129

100.0%  100.0% 100.0%  100.0% 100.0% 100.0%

WEoOYP8T we $0.134EFE=0.000 K

Looking at Table 2, it becomes clear how this particular dimension of Facebook
usage can affect print newspaper readership. This pattern changes when using selfborted

Facebook visiting frequency as a banneséeTable 3).

Interestingly, there is an inconsistent relationship between the two variables: going
fromleftti OECEO EIT OEA Ol x, théEpetentdo® AfEdhily dewdpdper 4 AAT A o

readers decreases for the segments for O to 14 visits per week and thertieases again for

6 This table only contains two levels for reading frequency: daily and lesgten than daily. This is to
compare the two levels where the highest dierences between the segments occur. Theatterns
are less discernablec EAT 1T T EET C AO OEA 1T OEAO OAAAET ¢ AOANOGAT AU
xAAE T O Oiho AT A 1AOGO 1T £ZO0BI N OAA OEA &£OI1 OAAI AO EI

14



people who visit between 15 and 29 times per week. The changes for the other reading

frequency levels are similaly inconsistent (see Appendix B, Table 3a

Table 3 Print newspaper reading frequency among Facebook users, segmented
by visiting frequency

On average, how many times a week do you
visit Facebook? (segments based on

How often do you quintiles)
read print Total
Oto5 6to9 30o0r
newspapers? visits visits 1.0.t0 14 1.5.t0 29 more
Visits per visits per g
per per visits
week week
week week per week
Daily 126 111 84 128 98 547
30.5% 25.3% 22.2% 27.1% 22.7% 25.6%
Less often 287 328 295 344 333 1587
than daily 69.5% 74.7% 77.8% 72.9% 77.3% 74.3%
Total 413 439 379 472 431 2134

100.0% 100.0% 100.0% 1000%  100.0% 100.0%

WEpm8mpo £0.088FER=0.048 K

As for magazine readership, theesults for both of these banners show less of a
pattern: going from segment to segment, smaller differences occur between the percentages
of daily readers The pattern that was visible in Table 2 for print newspaper reading
frequency does not reappear when looking at print magazines. The same goes for Facebook

visiting frequency (see Tables 4 and 5).
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Table 4 Print magazine reading frequency among Facebook users, segmented
by influence

Five groups based on their number of
friends on FB (segments based on

How often do quintiles)
you read print Fewer Total
magazines? than 39 39to78 79to149 150to 273 o0r
B FB FB 272FB  moreFB
. friends friends friends friends
friends
Daily 24 35 24 21 23 127
5.9% 8.1% 5.6% 4.9% 5.4% 5.9%
Less often 386 399 406 406 405 2002
than daily 94.1% 91.9% 94.4% 95.1% 94.6 % 94 %
Total 410 434 430 427 428 2129
100.0% 100.0% 100.0%  100.0% 100.0% 100.0%
WET 8@oo &0.0M7ZEMDHT0.327 K
Table 5 Print magazine reading frequency among Facebook users, segmented

by FB visiting frequency

On average, how many times a week do you
visit Facebook? (segments based on

How often do quintiles)
you read print 0to5 6109 30 or Total
magazines? visits visits 1.0.t0 14 1.5.t0 29 more
visits per visits per .
per per visits
week week
week week per week
Daily 23 25 22 27 35 132
5.6% 57% 5.8% 57% 8.1% 6.2%
Less often 390 414 357 445 396 2002
than daily 94.4% 94.3% 94.2% 94.3% 91.9% 93.9%
Total 413 439 379 472 431 2134

100.0%  100.0% 100.0% 100.0% 100.0% 100.0%

WEo8uTU &0.MEDT0.4E7 |
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It has to be pointed out that there were not as many daily magazine readers as daily
newspaper readers in this study. As for daily readers in this dataset, newspaper readers
seem to be more strongly affected by Facebkousage in this comparison. Online news
consumption habits follow different patterns. Tables 6 and 7 show that there is no
discernable correlation for the imported variable for number of friends but some

correlation for Facebook visiting frequency

Table 6 Online news reading/watching frequency among Facebook users,
segmented by influence

Five groups based on their number of
friends on FB (segments based on

How often do quintiles)
you read/watch Fewer Total
online news? than 39 39to78 79to 149 150 to 273 or
kB FB FB 272FB  moreFB
. friends friends friends friends
friends
Daily 207 201 219 203 216 1046
50.5% 46.3% 50.9% 47.5% 50.5% 49 %
Less often 203 233 211 224 212 1083
than daily 49.5% 53.7% 49.1% 52.5% 49.5% 50.8%
Total 410 434 430 427 428 2129

100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

WEC 8wy v ¢0.087EMm0.5¢2 K
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Table 7 Online news reading/watching frequency among Facebook users,
segmented by FB visiting frequency

On average, how many times a week do you
visit Facebook? (segments based on quintiles)

How often do you

Oto5 6to9 30or
orr? ﬁ%ﬁtﬁ; vis?ts vis?ts 1.0. tol4 %5. 029 more Tol
' Visits per  Visits per g
per per visits
week week
week week per week
Daily 196 219 204 274 249 1142
47.5% 49.9% 53.8% 58.1% 57.8% 53.6%
Less ofen 217 220 175 198 182 992
than daily 52.5% 50.1% 46.2% 41.9% 42.2% 46.5%
Total 413 439 379 472 431 2134

100.0%  100.0%  100.0% 100.0%  100.0% 100.0%

WEpPpULUBT XU ®0.085/ER0.008 K

To summarize, readers with a lot of friends on Facebook are less likely to read
newspapers daily, but there is no similar effect for magazines. Periodicals, such as
magazines, are published less frequently. The effodf reading a newspaper every day
might make readers prefer other media. This seems possible, given that respondents visit

Facebook more often the more friends they have.
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Table 8 Facebook visiting frequency among FB users, segmented by number of

friends
Five groups based on their number of
friends on FB (segments based on quintiles)
Facebook
visiting Fewer Total
frequency than 39 39to 78 79 to 149 150to 273 or
. . 272 FB more FB
FB FB friends FB friends - .
. friends friends
friends
More than 121 203 261 301 334 1220
once a day 33.8% 49.3% 62.7% 71.7% 79.7% 60.3%
About once a 89 126 86 82 60 443
day 24.9% 30.6% 20.7% 19.5% 14.3% 21.8%
Several times 66 45 29 26 17 183
a week 18.4% 10.9% 7% 6.2% 4.1% 9%
About once a 38 24 20 10 6 98
week 10.6 % 5.8% 4.8% 2.4% 1.4% 49%
Less often / 44 14 20 1 2 81
Never 12.3% 3.4% 4.8% 0.2% 0.5% 3.8%
Total 358 412 416 420 419 2025

100.0% 100.0% 100.0% 100.0%  100.0% 100.0%

WEQPL 68D WL .19 ABMA00 ¢ K

Given these patterns, social media potentially replaces usage routines of other
media, such as reading the newspaper every day. Magazines, being published less
frequently, might require less of a commitment to consme. For this analysis, it has proven
advantageous to have several Facebook variables available for banners since different
dimensions of Facebook usage can correlate differently with reading habits. The same
exploratory approach can be used for the othercenarios, such as the usage of mobile

devices that people read content on, as the following chapter will elaborate.
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2.2.3.  Usage of mobile devices

How much time people spend on their mobile devices can say something about the
kind of content they expect from a mgazine or newspaper on their tablet or smartphone:
readers who are often browsing on these devices can be assumed to have different reading
habits and demands toward content compared to those who barely use their mobile

devices, for instance.

While contingency tables helped discuss the previous scenario, data visualizatfon
can help identify correlation between continuous variables The analysis is supposed to
show how the time spent on a mobile device per week differs across social media variables
in a meaningful wayi, i.e. if users who post a lot of updates spend mom@nutes per weekon

their tablets than those who are basically quiet on social networks.

Below are two scatter plots for the time respondents spend on their phones or
smartphones each week ad their number of Facebook friends. The regression lines show
that there is a low positive correlation between the two variables. While the first plot has a
linear scale in which the values for respondents with fewer than 500 Facebook friends are
hardto AEOAAOT h OEA OAATTA PITO EAO A 11T CAOEOQEI EA

other values in order to create a clearer visualization.

" Plots with a logarithmic scales can bslightly harder to interpret compared to those with linear
scales. In Figures, values on the xaxis increase by the same amounts from left to right (1,000,
2,000, 3,0M), while the values in Figure 4ncrease by higher and higher amounts (10, 100, 1,000).
To many readers, an additive increase of the values from left to right seems more natural than the
multipli cative increase used in Figure .7Further explanations of how the dta was transformed for
Figure 7can be found in the online repository (see appetix).

20



o
« e s e
.
.
'
.
.
.
L]
.
(]
.
.
.

g

.
.
5
.
:
.
'.
!
e

. * s mmesmcmmmecmien =

10’ . sees sos wme - wes e .
g

| e« .

Minutes spent on mobile / smartphone per week
Minutes spent on mobile / smartphone per week

) // . e o
o . 100« . ee ey
0 1000 2000 3000 4000 10° 10 107 10°
Facebook friends Facebook friends
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Even though a lot of respondents do not use smartphones or regular cell phones
often, as indicated by the horizontal stroke at 19 the regression lines inboth plots havea
positive slopeg Accordingly, the number of Facebook frieds can indicate how much time
people spend on their phones and smartphones. Looking at the same plot for Twitter
visiting frequency and usageof these devicesthe regression line shows a similar coherence

between the two variables. A similar pattern show up for number of Twitter followers.

8 The regression line visualizes how one variable can predict the other. The grey area around the line
is the confidence interval. It shows how, based on the data, R would predict the time spent on
phones or smartphones for a given number of Facebodkends. Looking at Figure 6 for example,
someone with 4,000 Facebook friends would spend about 250 minutes on their mobile device each
week, give or take 50 minutes. Understandably, this interval is smaller where there are a lot of
cases to be plottedi.e. the confidence with which R can predict the values is higher.

21



' '
Q Q
() ()
= - =
5 . . 5 o .
=3 5 H o [e° g =3 TR 9 ol 9m
UCJ . o O . . 0] ™ . . wes ss e "o e
S 10 S T A TP R S-St
.E .E
5 B 5 St S emmemes mease . 1
g H) : : : :..i. oca: -mmes o W o - )/o g H) : : .c.olcl:—--.—?:--ol:.m. -
@ I P @ L ——— ]
RPN S /w-fi’-{:?/ L (RPN ERED R .-—;_-L.-—/;’T el
0 . _— o . .
[=) . /-/,4- s e s w . [=) 2 sV iwemmuss - . ae e .
= e s s s ss sem w e s . = § s s s s m = .
S mlf : * * sase sem s s = S 10' e s s s me w smwmoes s sse .
€ L TG [ 5 v ) R e Ko € SRR TS TR RTCTT TS
[T o
@100 . 2 10%% . .
(2] . L ) . (2] . e . -
e e
= N =2 N
E 1 U‘- - L] SRR FEN BRI N - - E 1 U‘- - LN ] -
10 10 10 10" 10 10 10” 10° 10 10 10 107
Number of Twitter visits per week Number of Twitter followers
Figures 8-9 Logarithmic scatter plots of phone/smartphone usage vs
Twitter visiting frequency and influence
Note. N=850

The fact that the weekly duration of phone and smartphone usage is grouped
together may have an effect on how meaningful the results are for publishersaegular
mobile phones do not necessarily allow users to access publishing content online. Still,
mobile phone penetration in general can play a role for publishers that aim tceach their
readers with mobile marketing campaigns that involve sending a text to enter a prize draw,

for example.

Using the same method, one can look at the time respondents spend using iPad

tablet computers and put it in relation to their Twitter visitin g frequency.
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Figure 10 Logarithmic scatter plot of Twitter visiting frequency vs iPad usage
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As for time spent on tablets other than the iPad, on the other hand, the regression

line is almost horizontal, indicating that there is little to no connection between the two

variables.
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In this case it is worth to check the overall distribution of the varial® again to see if
there is even enough variation in the values to make for meaningful differences between

any categories.

Non-iPad tablet usage (min per week)

Overall distribution

Figure 12 Box plot of non-iPad usage
Note.  N=3048

The vast majority of respondents spends very little time on on-iPad tablets, which

is why it does not come as a surpriséhat no clear patterns show up in the scatter plots.

In this scenario, the general duration of time spent on a phone, smartphone, or iPad
was found to change along different categories for number of Facatk friends and to some
degree by Twitter visiting frequency. Respondents may be using their mobile devices to stay
in touch with their Facebook friends, the effort of which can increase and take more time as
the number of friends increases. It is possibl¢hat differences between the two platforms

come from the different level of engagement that they offer. Facebook might be used for

9 This plot shows that the vast majority of respondents spend almost no time on nePRad tablet
computers each week. To elaborate, in a box plot, the lower and upper borders of the box are
defined by the 25th and the 75th percentile. Percentiles split up the distribution according to their
index, for example, 25 percent of all of the values are smaller than the 25th percentile. The thick
horizontal stroke within the box is the median. Valuesbove the 95th percentile are defined as
outliers, i.e. values that are extremely high, andre plotted as dots. In Figure 12there is no actual
box and all of the above statistics are 0. The values greater than O are treated as outltbet form a
vertical line above the box. They give the impression that there are numerous values bigger than 0,
but in factrepresent only 5 percent of the values plotted here.
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iTOA OEAT EOOO OEAOEIT C Al OPAAOA xEOE 11A60 EOE
CAT AO xEOE OE A tivities orEThvittek ma) Goh go @ndch furkher than tweeting

an update to instantaneously reach all of their followers. These are just possible

explanations for the differences shown in the charts, but they can help publishers see

potential characteristics of social media users and to build their own personas of mobile

device owners they want to reach on Twitter, for instance.

2.2.4. Benchmarking

To be able to optimize their own digital strategies, it is useful for magazine and
newspaper publishers to know whih publications are more or less successful on social
i AREA OEAT 1 OEAOO8 - AAOOOEI ¢ OOOAAAOOG6 ET OEEO
OEA 101 AAO 1T &£ OI EEAOGe 11 &AAAAITTE 1T 0O Eix [TATU O
also knowing among whch kinds of social media users it is particularly known or popular.
The social media variables for this scenario include the number of things, including pages,
that users have liked on Facebook, and their number of status updates in the last 30 days

before their data was imported.

The survey question that the readership variable for this scenario is based on asked
OAODPI T AAT OO EA OEAU EAA OEOEOAA OAOAOAI 1TAxOPAD
comparing the website of The Globe and Mailwith huffingtonpost.ca along the

aforementioned Facebook variables, the following differences occur.
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231 or more FB likes-

globeandmail.com

61 to 230 FB likes - B Readers
. Non-readers

Facebook Likes

0 to 60 FB likes -

14+ updates per week -

2-13 updates per week -

0-1 update per week -

Facebook Updates

0% 25% 50% 75% 100%

Figures 13-14 Globeandmail.com readership vs Facebook engagement and
activity
Note.  Total N=1757

231 or more FB likes -

huffingtonpost.ca

61 to 230 FB likes- B Readers
| Non-readers

0 to 60 FB likes -

Facebook Likes

0% 25% 50% 75% 100%

14+ updates per week -

2-13 updates per week -

0-1 update per week -

Facebook Updates

0% 25% 50% 75% 100%

Figures 15-16 Huffingtonpost.com readership vs Facebook engagement and
activity
Note.  Total N=1757
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Looking at these charts, one could say that the online presence of the Huffington
Post is more popular thanThe Globe and M@l O x AAOEOA AiT1 ¢ AAOEOA
eithe O1 EEA6 A 110 1T &£ Al 1 OAT éntlyithan |&sAakthéddrougs. 1 O
These two examples are relatively large papers that have established more of an online
readership than smaller newspapers. But the usage of social media also affects kena

DAPAOOS OAAAAOOEEDS

20 or more visits per week -

‘ ‘ Local

7 to 19 visits per week B Readers
’ ‘ Non-readers

0 to 6 visits per week -

Facebook visits per week

o —

0% 25% 50% 75% 100%

Figure 17 Readership of respondents’ local newspaper's website vs Facebook
engagement
Note.  Total N=1816

The differences betwen the three groups in Figure 17nake sense when looking at
possible ways for a paer to generate traffic through Facebook: many users might be lead to
the site of a local newspaper by their friends who come from the same area and share
articles of it on Facebook. As foiThe Globe and Maihnd The Huffington Postone could

assume thatpeople who like a lot of content on Facebook or visit the platform often are in

&AA,
Dl O

CAT AOAT A1 O1 11T O0A TEEATU O AiT A AAOT OO A AEC I

but the question is still how some of them manage to be more successful than othenghis
coherence. It could be a certain popularity among social media users in general that drives
sharing, liking, and commenting, or it might be the individual topics the publication is

dealing with that make it differ from its competitors.
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Part 3.

Discussion of the findings

This part of the report highlights trends and that appeared across several scenarios,
discusses the limitation of this projectand gives suggestions fopotential follow -up studies
Part 3 is followed by a summary of thisD O1 E Anplidadidds, which underscores the

advantages of data analysis for insighdriven publications.

1. Overall summary

Reviewing the analyses conducted and explained in this report, it becomes clear that
correlations between social media data and readershipehaviour can occur and be relevant
to publishers. The fact that some of the findings did not hold up for Twitter implies that user
behaviour differs in a meaningful way, a finding that in itself is of interest for publishers.
Users of Facebook and Twittershould not be treated as one and the same since they
probably use these networks for different reasons, to do different things. Their use of these
platforms can also play a role in their overall media consumption, including magazines and

newspapers.

In several analysesusing different social media variables lead to different results,
which emphasizesthe importance of testing how a variety of variables correlates with
readership behaviour. Some patterns appeared for one, but did not reappear for other
variables, like the one for daily newspaper readers among Faceboaisers (see Chapter
2.2.2). This shows that the number of Facebook friends, visiting frequency, and the other
social media variablesshould not be understood as variables measuring the sameiecept,

which in this casewould be online engagement.
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How meaningful the findings are to publishers largely depends on the sample used
£l 0O OEA AT AT UOGEO8 ) AAAI T UhRh A 1 AOCA PAOO T &
followers on social media and also include potential readers. Other than this particular

point, there are more limitations of the findings of this project that are worth discussing.

2. Limitations of the project and its findings

The results presented here are descriptive, they havéttle meaning for the larger
populations of Facebook users whose attitudes and usage likely diffe from the
respondents who takePAOO ET 6#80 OOO0OOAUO8 4EA AAOAOAOD
gathered at different time points in different studieswhich raises methodological concerns,
yet it does represent a considerable aggregation of social media and survey data. As such, it
is appropriate to demonstrate the use cases and the value this kind of research can deliver

to magazine and newspaper publisers as well as clients in other industries.

As it was not the aim of this project to make specific conclusions about the
population of Canada, the United States of America, or the entirety of Facebook users, none
of the datasets was weighted toepresent any of these groups? Hence, this project does not
aim to deliver insights beyond the dataset involved, which is a combination of surveys
conducted in 2013 and 2014.

Between the import of the social media data and the online surveys used for the
analysis lay several months. One could argue that attitudes and behaviour do not change
within months to an extent that would play a role for this project, but methodologically it

may have made a difference to collect both kinds of data at a single point in time.

101n general, weighting increases the extent to which the base of respondents can be considered
representative of a certain population by assigning each respondent a multiplier so that, for
instance, the proportions of inhabitants of certain Canadian provinces in the sample reflect the
actual proportions as captured by the Canadian census. terms of social media variables, like the
number of Facebook friends, this is hard to achieve because the actual distribution of Facebook
friends on the entire network is not available publicly.
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3. The potential of social media research

The results presented here are examples of how the use of social media, broken up

into the variables used for the analysis, can explain and deliver context for readership
behaviour. Several benefits of this approach & been pointed out, such as the advantage of
having several Facebook variables available for analysis, thereby taking into account how

diverse users can be on each of these levels.

Although this new combination of data brings many possibilities, its vak for
publishers depends on the focus of the underlying research, which should specifically be
designed for their industry. Larger studies measuring reading habits and behaviour with
more diverse variables could advance both readership and social media essch. These
projects could include asurveyonET x AT A xEU DAT BT A OEAO#dse A

segmentations based onacial media data to identifymeaningful differences.

For such a research project, one of the obvious challenges is to convineens of the
valuable contribution they make by giving researchers access to their social media data.
While it presents less of a problem to ask respondents in a survey how often they visit
Facebook each week, it is more difficult to get their permission tmnport their number of
status updates, for instance. It may simply depend on who is asking them for their data. A
newspaper that they follow or like on Facebook anyway will be more likely to get access
than an organization they have no connection to. Her¢ such a project could be feasible if
all other requirements, including having the necessary technology to gather all of the data,

are met.
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Implications

At the time of writing this report, the approach of combining data from surveys and
social media is sl relatively young, but within market research, one can expect it to keep
gaining momentum. As for the development of this research approach toward an essential
market research service, industriesother than publishing are more likely to drive this
development. While this paper has explained and demonstrated use cases for this new
combination of data particularly for publishers, one important question for them is how
they can gather this data using methods they have, especially in the case of smaller
pubIEOEET ¢ ET OOAOG8 7EEI A OEEO EO O1 AT OAGAAT U AAO,
personnel, it can be advantageous to have bigger companies in other industries drive the
progress of this new method. With larger research budgets than those in publishing,en
can afford to run iterations of studies that help market research refine its methodology so
that publishers can benefit from this progress at a later point. In this context, market
research acts both as a forerunner and an innovator to develop serviceslevant to

research clients in the publishing industry.

Besides making the results and use cases more palpable for the readers of this
report, the other reason for including details of analytics and statistics is that there are
enough opportunities availeble for publishers to hone their abilities of making sense of data,
especially through freely available statistical software like R. The increase in popularity that
R has experienced in recent years is remarkable. In 2013, its growth of capability outpaced
the one of SAS, a widely @8l business analytics software(Muenchen 2013) Once
publishers realize the potential in their businesses to refine their strategies with data
analysis, they can make use of both the vast amount of available resources and theeetise
of a large and growing user community. This can help them generate insights from surveys,
online metrics, and social media data imported througlapplication programming interface

calls.
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Opportunities to gather meaningful data are abundant in pubdihing. As industry
experts have pointed out, every magazine or newspaper has chances to connect with its
readers, be it through social media or other ways, and establish a connection that lets them
share data with it. Emilie Harkin, marketing director atForeign Affairs emphasizes the role
of information-OEAOET ¢ A& O EAO | ACAUET A8 O3 OAOAOEAAOO Ol
AAOA EO FRorkignOMiald cAndplements these sources with independent surveys
from Erdos & Morgan to embed data analysidi EOO AOOET AOO8 (AOEET AAA
alongside smart, organized analytics and data experts is really the best way to find order in
OEA AEAIT 0806 &1 O OEA xEI1 A OAAih OEEIT O ET AAOA
AO OEA bl EI &temely@@unateo colldborate with colleagues who can see

stories about our audiences in lines of raw data(Peck 2014).

However, the benefits of data analysis for magazines or newspapers for their own
ongoing research depends on the publication iquestion. But, by having more information
on their readers, any publisher is able to describe his or her particular audiences better and
to give advertisers more incentives to book ads or custom content with them. For instance,
magazines with influential llowers on social media that they have data on can calculate
how big the potential readership of a promoted post can get if it is shared. This way they

can offer advertisers more diversified and attractive ad packages.

Considering new approaches like theone explored in this report, the range of
methods for research and data analysis available to publishers is increasing. Along with it,
publishers have to become aware of how important this field is to them. Realizing how and
where they can implement it intheir own businesses will be another challenge and, in a
time where all kinds of industries are becoming increasingly creative in how they can use

data to their advantage, it also will be their own responsibility.
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Appendix A.

List of variables

Social media Type Mean = Median Standard Used for
variable deviation
Number of FB friends continuous 187.5 110.0 259.8 SMASCOM UMD,
B

FB visits (per week)  continuous 22.4 14.0 56.6 SMASCOMB
FB updates in the last continuous 15.4 6.0 21.3 SMAS
30 days
(before data was
imported)
.01 AAO 1 A& continuous 237.7 94.0 456.8 B
Twitter visits (per continuous 16.5 5.0 50.0 UMD
week)
Number of Twitter continuous = 173.1 20.0 802.0 UMD
followers

Except for Facebook visiting fequency, all social media variables have been imported from
the respective networks.
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Readership Type Mean Median Standard Used for

behaviour variable deviation
Print newspapers categorical COM
reading frequency
Print magazines categorical coMm
reading frequency
Online news categorical coMm
reading/watching
frequency
Phone / smartphone continuous 41.0 10.0 83.8 UMD
usage (minutes per
week)
iPad usage continuous 22.9 0.0 61.1 UMD
(minutes per week)
Non-iPad tablet usage continuous 19.7 0.0 60.8 UMD
(minutes per week)
Reading categorical B
globeandmail.com (yes/no)
(in the week before
the survey)
Reading categorical B
huffingtonpost.ca (yes/no)
(in the week before
the survey)
2AAAET C 11 / categorical B
TAxODADAOG ( (yes/ino)
(in the week before
the survey)

Note. SMAS= social media audience segmentatioitoM= choice of mediaymbD= usage of
mobile devicesB = benchmarking



The R script files for all plots and research scenarios can be freely accessed at
https://github.com/tiQu/LikeTweetRead/ .
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Appendix B.

Contingency tables for all levels of reading frequency

Table 2a Print newspaper reading frequency among Facebook users, segmented
by influence
Five groups based on their number of
friends on FB (segments based on
quintiles)
Print
newspapers  Fewer 150t0  273o0r Towl
than 39 39to 78 7910149
- . 272 FB more FB
FB FB friends FB friends . -
. friends friends
friends
Daily 131 139 105 81 81 537
32% 32% 24.4% 19% 18.9% 25.2%
Every few 69 80 73 65 61 348
days 16.8% 18.4% 17 % 15.2% 14.3% 16.4%
Once a week 82 102 108 111 107 510
or so 20 % 23.5% 25.1% 26 % 25 % 24 %
Once a 30 33 34 53 52 202
month or so 7.3% 7.6% 7.9% 12.4% 12.1% 9.5%
ess than 61 53 74 79 80 347
14.9% 12.2% 17.2% 18.5% 18.7% 16.4%
month
Never (do
VS a7 27 36 38 47 185
il 9% 6.2% 8.4% 8.9% 11%  8.7%
media)
Total 410 434 430 427 428 2129
100.0% 100.0% 100.0% 100.0%  100.0% 100.0%

wW=61.017 - dEE ¢ =085 B p=0.000
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Table 3a Print newspaper reading frequency among Facebook users, segmented

by visiting frequency

On average, how many times a week do you
visit Facebook? (segments based on

_ quintiles)
nevxllasngters 30o0r Total
pap 0to5 6t09 10to14  15t029
.. .. o .. more
VISItS per VISItS per VISItS per VISItS per ..
VISItS
week week week week
per week
Daily 126 111 84 128 98 547
30.5% 25.3% 22.2% 27.1% 227%  256%
Every few 71 74 58 69 74 346
days 17.2% 16.9% 15.3% 14.6 % 172%  16.2%
Orce a week 08 106 104 117 93 518
or so 23.7% 24.1% 27.4% 24.8% 21.6% 24.4%
Once a 27 39 36 50 54 206
monthorso  6.5% 8.9% 9.5% 10.6 % 12.5% 9.6 %
LiffC ;h:” 55 67 66 72 77 337
13.3% 15.3% 17.4% 15.3% 17.9%  15.8%
month
Never (do
usgotth‘?s"f; . 36 42 31 36 35 180
of P 8.7% 9.6 % 8.2% 7.6% 8.1% 8.5%
media)
Total 413 439 379 472 431 2134
100.0%  100.0%  100.0% 100.0%  100.0% 100.0%

WECULUBCpw @=005FHc0093% K
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Table 4a Print magazine reading frequency among Facebook users, segmented

by influence

Five groups based on their number of
friends on FB (segments based on

quintiles)
Print
. Total
magazines Fewer 150 to 273 0or
than 39 39to 78 79 to 149
. . 272 FB more FB
FB FB friends FB friends . )
. friends friends
friends
Daily 24 35 24 21 23 127
5.9% 8.1% 5.6% 4.9% 5.4% 5.9%
Every few 60 58 60 39 45 262
days 14.6% 13.4% 14 % 9.1% 10.5% 12.2%
Once a 101 93 80 74 70 418
week or so 24.6% 21.4% 18.6% 17.3% 16.4% 19.7%
m%?}fﬁ; 80 99 114 125 119 537
o 19.5% 22.8% 26.5% 29.3% 27.8% 25.4%
L‘f)ff(: ;h:” 98 115 116 122 115 566
23.9% 26.5% 27 % 28.6% 26.9% 26.5%
month
Never (do
ch;teet\tfsr 47 34 36 46 56 219
11.5% 7.8% 8.4% 10.8% 13.1% 10.3%
type of
media)
Total 410 434 430 427 428 2129
100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

WET ¢8momn ¢=007EHcO003x¢¥ K
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Table 5a Print magazine reading frequency among Facebook users, segmented
by FB visiting frequency
On average, how many times a week do you
visit Facebook? (segments based on
_ quintiles)
mapgzniaes 30or Total
g 0to5 6t09 10to14  15t029
e e e e more
visits per visitsper visitsper  visits per e
visits
week week week week
per week
Daily 23 25 22 27 35 132
5.6% 5.7% 5.8% 5.7% 8.1% 6.2%
Every few 62 59 46 55 61 283
days 15% 13.4% 12.1% 11.7% 14.2% 13.4%
Once a 78 105 77 88 74 422
week or so 18.9% 23.9% 20.3% 18.6% 17.2% 19.8%
Once a 98 93 92 135 98 516
monthorso  23.7% 21.2% 24.3% 28.6 % 22.7% 24.2%
LiffC ;h:” 106 111 107 136 114 574
25.7% 25.3% 28.2% 28.8% 26.5% 26.9%
month
Never (do
E‘;Let‘é‘fsr 46 46 35 31 49 207
11.1% 10.5% 9.2% 6.6% 11.4% 9.8%
type of
media)
Total 413 439 379 472 431 2134
100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

WEC @8 ¢c wy ¢=005EHcons6é K
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Online news reading/watching frequency among Facebook users,

Table 6a
segmented by influence
Five groups based on their number of
friends on FB (segments based on
quintiles)
Online
Total
news Fewer
than39  39t078 79to149 120t 273or
) . 272 FB more FB
FB FB friends FB friends . )
. friends friends
friends
Daily 207 201 219 203 216 1046
50.5% 46.3% 50.9% 47.5% 50.5% 49 %
Every few 81 82 82 95 99 439
days 19.8% 18.9% 19.1% 22.2% 23.1% 20.8%
V%lckeo"’: 45 48 48 52 43 236
o 11 % 11.1% 11.2% 12.2% 10 % 11.1%
m%gfﬁ; 21 28 23 23 25 120
<o 5.1% 6.5% 5.3% 5.4% 5.8% 57%
Lf;i ;h:” 25 35 39 33 25 157
6.1% 8.1% 9.1% 7.7% 5.8% 7.4%
month
Never (do
?J‘;tei‘r’]?sr 31 40 19 21 20 131
7.6% 9.2% 4.4% 4.9% 4.7% 6.2%
type of
media)
Total 410 434 430 427 428 2129
100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

WEco8omno
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Table 7a

Online news reading/watching frequency among Facebook users,

segmented by FB visiting frequency

On average, how many times a week do you

visit Facebook? (segments based on

quintiles)
Online
Total
news 0to5 6t09  10t0o14  15t029 30or
e e e e more
visits per visitsper  visits per  visits per .
visits
week week week week
per week
Daily 196 219 204 274 249 1142
47.5% 49.9% 53.8% 58.1% 57.8% 53.6%
Every few 80 79 76 96 98 429
days 19.4% 18 % 20.1% 20.3% 22.7% 20.1%
Once a 54 42 48 40 33 217
week or so 13.1% 9.6% 12.7% 8.5% 7.7% 10.1%
Once a
month or 24 35 13 16 16 104
o 5.8% 8% 3.4% 3.4% 3.7% 4.7%
Liii éh:” 29 40 22 24 19 134
7% 9.1% 5.8% 5.1% 4.4% 6.3%
month
Never (do
T;Let‘r’"esr 30 24 16 22 16 108
7.3% 55% 4.2% 4.7% 3.7% 4.9%
type of
media)
Total 413 439 379 472 431 2134
100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

WET w8 WwT L
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#=0.67EEpcO000¢ 1



