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Given that my friends on Flickr use cameras of brand X, am I more likely to also use a camera of brand
X? Given that one of these friends changes her brand, am I likely to do the same? Do new camera models
pop up uniformly in the friendship graph? Or do early adopters then “convert” their friends? Which factors
influence the conversion probability of a user? These are the kind of questions addressed in this work. Direct
applications involve personalized advertising in social networks.
For our study, we crawled a complete connected component of the Flickr friendship graph with a total
of 67M edges and 3.9M users. 1.2M of these users had at least one public photograph with valid model
metadata, which allowed us to assign camera brands and models to users and time slots. Similarly, we used,
where provided in a user’s profile, information about a user’s geographic location and the groups joined on
Flickr.
Concerning brand congruence, our main findings are the following. First, a pair of friends on Flickr
has a higher probability of being congruent, that is, using the same brand, compared to two random users
(27% vs. 19%). Second, the degree of congruence goes up for pairs of friends (i) in the same country (29%),
(ii) who both only have very few friends (30%), and (iii) with a very high cliqueness (38%). Third, given that
a user changes her camera model between March-May 2007 and March-May 2008, high cliqueness friends
are more likely than random users to do the same (54% vs. 48%). Fourth, users using high-end cameras
are far more loyal to their brand than users using point-and-shoot cameras, with a probability of staying
with the same brand of 60% vs 33%, given that a new camera is bought. Fifth, these “expert” users’ brand
congruence reaches 66% for high cliqueness friends. All these differences are statistically significant at 1%.
As for the propagation of new models in the friendship graph, we observe the following. First, the growth
of connected components of users converted to a particular, new camera model differs distinctly from random
growth. Second, the decline of dissemination of a particular model is close to random decline. This illustrates
that users influence their friends to change to a particular new model, rather than from a particular old
model. Third, having many converted friends increases the probability of the user to convert herself. Here
differences between friends from the same or from different countries are more pronounced for point-andshoot than for digital single-lens reflex users. Fourth, there was again a distinct difference between arbitrary
friends and high cliqueness friends in terms of prediction quality for conversion.
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1. INTRODUCTION

How much information about personal brand preferences can be derived from knowledge about the brand preferences of one’s friends? Which aspects affect the probability
to have similar camera preferences to my friends? Are there factors that are crucial
when it comes to brand loyalty? How do new models propagate through the friendship
graph? Are there distinct differences between the growth and decline of models concerning the influence of neighboring users? These are the kinds of questions we study
in this work in the setting of the Flickr1 online photo sharing site.
Understanding how friends, either in the settings of social networks or defined
through personal contacts, affect our decision regarding the purchase of any kind of
item, is interesting for a number of reasons. First, it is interesting to see if there is
any correlation at all between an online relation (a friendship link on Flickr) and an
offline property (such as the camera brand or model owned by a user). In other words,
can we use the “virtual” world as a (distorted) mirror for the “real” world or are the
two unrelated? Second, there are clearly potential applications for more effective, targeted and personalized marketing campaigns, especially in social networks. If there is
indeed a correlation between online and offline behavior then knowing a user’s public
online friends can give companies direct access to users who can influence purchase
decisions. Third, it makes it possible to quantify the affect of sociological phenomena
such as “peer pressure” concerning purchase decisions.
The availability of the Flickr data offers the possibility to address such issues, not
just for a few hundred people via personal surveys, but for millions of users and using information for several years. The main observation required to perform such an
investigation lies in the fact that the a large fraction of pictures uploaded to Flickr
come with machine related metadata, which contains information about the brand of
the camera used, the exact model specification and also the date when the image was
taken. This then allows us to assign a brand and a model to a user for a given period
of time. The exact details will be explained in Section 3. Furthermore, Flickr profiles
(optionally) contain the geographic location of a user and indications of the degree of
online activity, such as the number of images uploaded by a user. All this information
creates a plethora of dimensions to explore.
Our study focused on two things. First, we looked at factors influencing the probability that two users own cameras of the same brand. Second, we looked at the
propagation of new models through the friendship graph. Note that Flickr displays
information about the camera used to take a picture on the picture’s main page under
“Additional information”, so that even users without any direct personal contact can
take note of this.
Concerning the question of brand congruence, our main findings are the following.
First, a pair of friends on Flickr has a higher probability of being congruent, that is,
using the same brand, than two random users (27% vs. 19%), where these numbers
refer to the time period of March to May 2008. Second, this effect can not be solely
explained by geographical factors. Friends are more likely to be in the same country,
but even random users in the same country are still less likely (23%) to be congruent
1
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than friends, and in particular than friends in the same country (29%). Third, the
degree of congruence goes further up for pairs of friends (i) who both only have very
few friends (30%), and (ii) with a very high degree of cliqueness2 (38%). Fourth, given
that a user changes her camera model between March-May 2007 and March-May 2008,
high-cliqueness friends are more likely than random users to do the same (54% vs.
48%), and 38% of the high cliqueness friends who do change their model in the same
period, change to a camera of the same brand. Fifth, users using high-end cameras
cameras are far more loyal to their brand than users using point-and-shoot cameras,
with a probability of staying with the same brand of 60% vs. 33%, given that a new
camera is bought. In both cases, users are more likely to buy the same brand again
than it is that a random user would buy the particular brand. Sixth, for users of
high-end cameras the cliqueness is most relevant, increasing the baseline probability
for two friends using such cameras to be congruent from 47% to 66%. All of these
observations are statistically significant at 1% or lower using a two-sided Student’s
t-Test for equality of means with different sample variances [Kirk 2007].
Concerning the propagation of models through the friendship graph, we observed
the following. First, the growth of connected components of users converted to a particular, new camera model differs distinctly from random growth in that existing components tend to grow, rather than users being converted in an isolated fashion. Second,
the decline of dissemination of a particular model is however close to random decline.
This illustrates that users influence their friends to change to a particular new model,
rather than from a particular old model. Third, having many converted friends increases the probability of the user to convert herself, with an apparent effect of “diminishing returns”. Here differences between friends from the same or from different
countries are more pronounced for point-and-shoot than for digital single-lens reflex
users, probably caused by more localized marketing campaigns for the former than for
the latter. Fourth, there was again a distinct difference between arbitrary friends and
high cliqueness friends in terms of prediction quality for conversion, where one high
cliqueness friend was “worth” about as much as 3-4 arbitrary friends.
Finally, as high-cliqueness friendship turned out to be the single strongest factor
in determining brand congruence, we tried to understand Flickr’s social graph better by looking at factors that correlate with high cliqueness. High cliqueness among
pairs of friends increases the probability for pairs of users to be (i) family members (as
indicated by a common last name), (ii) share interests (as indicated by Flickr group
membership), (iii) live in the same country, and (iv) they reciprocate their friendship
links. We believe that these fragmentary but consistent results point at a link between
high cliqueness and close friendship in the “real” world.
The rest of this article is organized as follows. In Section 2, we discuss work related
to our analysis. Section 3 gives details about our data set and how it was obtained.
Section 4 contains the actual results of our work. This section is split into four parts.
First, in Section 4.1, we will present the techniques used by us. Then, in Section
4.2, we focus on (i) static brand analysis for a single time period and on (ii) more
straightforward properties to investigate. Section 4.3 then goes beyond this by looking
at the evolution over time and at more subtle features influencing brand congruence.
Section 4.4 takes a different angle and looks at how new models disseminate through
the friendship graph. Finally, in Section 5, we discuss possible extensions of our work
and give a summary of our main findings.

2
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2. RELATED WORK

In this section, we will discuss work, which is related to our study, as it (i) also looks
at Flickr, (ii) deals with analysis of social networks more generally, and (iii) looks at
brand congruence and related marketing analyses.
The present article is an extended version of previous work by Singla and Weber
[2009]. The results and tables concerning the brand congruence are identical, but (i)
all results concerning the propagation of new models, (ii) the description of the (surprising) distribution of point-and-shoot (P&S) vs. digital single lens reflex (DSLR)
cameras in terms of developed and developing countries, (iii) the observations concerning the tendency of users to stick to the same camera type (P&S vs. DSLR) given
a model change, and (iv) the detailed analysis of what constitutes a high-cliqueness
friend are presented for the first time here.
2.1 Previous Work on Flickr

As Flickr has a very rich and interesting set of data and as this data is accessible via
a public API, it has been used for several studies. Among other things investigated,
people have looked at general graph properties [Mislove et al. 2007], and they have
extensively used the tags. The usage pattern of tags was investigated in Marlow et al.
[2006], place and event event names were automatically derived in Rattenbury et al.
[2007], hierarchies of interesting locations were discovered in Crandall et al. [2009],
and the Flickr tags were used to design and evaluate tag recommendation systems
[Garg and Weber 2008; Sigurbjornsson and van Zwol 2008]. Social aspects for the
Flickr data have also been studied previously. The growth of the Flickr social graph
was studied in Mislove et al. [2008] where the authors observed that a model such as
preferential attachment is not a good fit and something more “local” is going on, where
users tend to link to users already close to them in the graph. The propagation of
information in the Flickr social graph was recently studied in Cha et al. [2009]. Here
the term “information” essentially refers to the image popularity. It was found that
“(a) even popular photos do not spread widely through the network, (b) even popular
photos spread slowly through the network, and (c) information exchanged between
friends is likely to account for over 50% of all favorite-markings, but with a significant
delay at each hop”. Gender and home locations were deduced from tags in Popescu
and Grefenstette [2010] and that line of work could be used to supplement our set of
per-user features.
2.2 Previous Work on Social Network Analysis

The study of user behavior in large, online social networks in general is also by no
means new. Most relevant to our study of brand congruence is the work in Singla and
Richardson [2008], as they also consider the degree of similarity between two users
who are connected. In their setting, the network studied is the MSN network and
the links they used correspond to chat sessions between users. Similarity between
two users is measured with respect to web queries made and with respect to personal
information such as age or location. They do not consider any product-related information, nor do they consider any graph related properties, such as cliqueness. The
same data set was also used in Leskovec and Horvitz [2008], where the focus is on the
actual instant messaging behavior. That is, they investigate which factors influence
the number and length of conversations. They also consider general graph properties
and verify the “six degrees of separation”. In Mislove et al. [2007], the focus is on
properties related to link distributions in several large-scale online social networks.
In particular, they investigate inlink and outlink distributions for Flickr. The work in
Ahn et al. [2007] is similar to this, but uses different data sets also includes the factor
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of evolution over time. More related to our study is the work presented in Backstrom
et al. [2006]. Here, the authors look at factors that govern the growth of communities.
Their analysis uses LiveJournal (with its communities) and DBLP (with scientific conferences). In their setting, the single most influential feature turned out to be the
“proportion of friends in a community who are friends with each other”, which is similar to our notion of “cliqueness”. Although we are unsure if their findings will apply
to setting where (i) a user can only join a single community and (ii) there is a financial
cost associated with joining a community, we plan to use a framework related to theirs
in the future to investigate the evolution over time more closely.
2.3 Previous Work on Brand Congruence and Marketing

There is also work related to brand congruence in social networks and to “viral marketing”. First, Flickr itself offers rudimentary, aggregate statistics about the cameras
used by its users.3 Then, there has been previous work on mining social networks for
targeted advertising. Yang et al. [2006] look at a social network derived from email
messages between 427 faculty members of a university. The products they study are
books, where the data refers to book loans from the library. The “brands” of interest
are topical categories. The authors then find that highly cliqued4 groups of users, supposedly loosely corresponding to faculties, are more likely to borrow books on the same
category. Though similar in spirit, our study differs in size, an actual use of productrelated information, the techniques used and the thorough analysis of various factors
influencing the strength of links.
Related to but different from our work are studies looking at recommendation networks such Epinions.5 Here users explicitly rate certain products, they often have an
explicit network of trusted users (concerning product reviews) and they often have the
explicit possibility to recommend a product to other users. Richardson and Domingos
[2002] explicitly raises the question how to identify the “best” users to target for viral marketing. To answer this question, given certain game theoretical modeling assumptions, both a hardness result and an approximation algorithms are presented in
Kleinberg [2007]. Leskovec et al. [2006] discussed the algorithms to enumerate the
recommendation patterns, and our analysis of the size distribution of connected components is similar to their approach of finding typical patterns of influence. Leskovec
et al. [2007] presents simple stochastic models to explain the patterns and size of recommendation cascades. These works are also more concerned with modeling the evolution over time, assuming that the strength of influence between pairs of nodes is
known. So, in a sense, our work is somewhat orthogonal to this group of work, as we
are mostly interested in understanding which factors govern the strength of links.
An interesting, very detailed study on brand congruence in real-life social networks
was investigated in Reingen et al. [1984]. Here, the “nodes” of the social network were
49 members of a sorority at a university. Link types ranged from “roommate”, via
“sharing a bathroom” to “joint sports activities”. Product types ranged from shampoo,
via TV shows to pizza. Although the dataset was very small and sparse, the authors
could find significant effects for, for example, room neighbors sharing pizza preferences
or people sharing a bathroom using the same brand of shampoo. Though this kind of
detailed study via surveys certainly does help to identify certain effects, it has clear
scalability problems when it comes to the analysis of global networks with hundreds
of thousands of users.
3 http://www.flickr.com/cameras/brands/
4 Our
5
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Table I. Some Basic Numbers Describing Our Dataset
Number of users
- before pruning
- after pruning

3.9M
2.1M

Number of edges
- before pruning
- after pruning

67M
44M

Number of ...
brands
models
countries
groups
users w. country
users w. group

96
1785
168
203K
510K
850K

More brands and countries were present, but they were too insignificant to
be picked up by our hand-crafted mappings to IDs.

There has also been work on the study of explicit brand communities, that is,
clubs centered around a certain product brand and often directly sponsored by the
corresponding corporation. One such study, focusing on car clubs, is presented in
Algersheimer et al. [2005]. The authors show that, for example, the most active group
members are those who feel most positively toward the brand. However, it is also argued that simply trying to market the club membership, in an effort to then boost sales
for the new members, will generally not work as a positive attitude has to precede an
active role in the club. Finally, there is also the aspect of brand loyalty, both in the
sense of purchase and attitudinal loyalty. The relevance of psychological factors such
as brand trust and brand affect was investigated in Chaudhuri and Holbrook [2001].
We also look at brand loyalty, but our focus is more on user types. In particular, we
looked at whether “expert” users are more or less loyal to their brands than other
users.
3. DATASET

All of our data was obtained using the public Flickr API.6 Basic statistics about the
data are given in Table I. We crawled a complete connected component of the Flickr
friendship graph, starting with a very active user with over 100 contacts.7 As part
of this crawl, we downloaded the complete list of public photos for each user. In this
initial phase, we obtained a graph containing 3.9M users and 67M friendship edges,
as well as a list of 500M images with their “date taken” information. Note that, while
it is possible to get the list of (public) pictures of a user, along with the corresponding
“date taken” information, via a single API call, other information has to be obtained
on a per-image basis.
We now pruned this initial set of users, as we were only interested in users for which
we could extract brand information, which in turn was derived from information for
uploaded images. Therefore, we removed all users from the data set who had not
uploaded any public pictures. This left us with 2.1M users and 44M friendship links.
Note that friendship edges in Flickr are not necessarily symmetric, as adding a friend
does not require authorization. This means that user A can have B as a friend, without
user B having A as a friend. Of the 44M links, 30M belong to pairs of bidirectional links
and the remaining 14M links are not reciprocated by the other person.
After we had obtained the complete list of users, we then went on to obtain additional information for each user of interest. In particular, where provided, we obtained the country of the user, as provided in her user profile. Here, quite a bit of care
had to be taken as the location could be entered in a free text format so that all of
“California”, “San Fransisco”, “USA”, “America” and even “Canada’s neighbor” needed
to be mapped to the same, unique country ID. Out of the 2.1M users investigated,
581K specified some country and 519K of these cases were mapped to a valid country
6 http://www.flickr.com/services/api/
7
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Fig. 1. User distribution across countries for the 24% (out of 2.1M) of users who specified valid country
information.

ID. Unmapped cases include, for example, “land of Putin” or “I am Italian”. Figure 1
shows the distributions of valid countries found.
Furthermore, for each user, we obtained the groups joined on Flickr. Groups on
Flickr represent communities of users sharing common interest, usually related to
photography. All of this data is (i) static in the sense that it does not relate to a particular period of time and (ii) not directly connected to the brand or model information,
which is our focus of interest.
The key observation that allowed us to obtain brand and model information, is that
when images are uploaded to Flickr, the so-called Exif 8 metadata is usually preserved.
This metadata contains information about the manufacturer, the model, as well as
other information related to resolution or exposure time, which was not used by us.
It is also available on a picture’s main page on Flickr under the header “Additional
information”. Given this Exif data, we then assigned brands and models to a user for
a particular period of time as follows. First, we chose three time slots to investigate,
namely, the period of March 1 to May 31 for the years 2006, 2007, and 2008. This
period was chosen as (i) it was close to the date the data was obtained (June 2008) and
(ii) it lies closely after, but does not overlap, with the Christmas season for which we
expect a change in the model distribution. Then, for each of these three time slots, we
tried to obtain the Exif data for up to 10 public images for each of the 2.1M users of
interest. The reason that we used only 10 images per user is that for each Exif data
a separate call to the API had to be issued and one such call took, roughly, 1 second.
Obtaining this data for all of the public 500M images discovered during the crawl,
would not have been feasible in an acceptable time frame.
If a user had uploaded more than 10 images for a time period of interest, we first
tried to obtain the relevant Exif information for the image closest to the center of the
slot (April 15) and then worked our way toward the ends of the interval in a symmetric
fashion. In the vast majority of the cases (94%), all the metadata obtained (if there
was any) for a user in a time slot was consistent in the sense that only a single brand
occurred. For the cases where this was not the case, we used a simple majority voting
scheme and assigned the strongest brand within a time slot to each user, where ties
were broken at random. In the same manner, users were assigned a model for each
time slot, if at least one of the (up to) 10 images contained a valid model information.
Mapping brands to unique IDs again required some manual labor. For example, we
took care to map “Minolta,” “Konika,” and “Konica” to the same unique brand ID.
As for mapping camera models to IDs, we used the list of 1,785 cameras available
at http://www.flickr.com/cameras/. This list also contains information about the
8
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Table II. An “Active” User is One Who Uploaded a Public Picture with
Brand Information in the Respective Time Period

Active users
... w. country

Mar-May06

Mar-May07

Mar-May08

470K (350K)
160K (118K)

670K (520K)
210K (164K)

630K (500K)
200K (159K)

A large fraction of users did not upload pictures in the time
periods and were hence “inactive”. Numbers in parentheses refer
to the number of users with valid model information. The reason
that the numbers for the slot in 2008 is lower than for 2007 is
probably that we obtained the data in mid-June, when not all
users had uploaded their pictures for the corresponding period
yet. 152K users were active in all three time periods (68K with
country information) and 1.2M were active during at least one
time period (326K with country information).

Fig. 2. Brand distribution in 2008 for the 630K users who uploaded a picture taken between March and
May with a valid brand in the Exif data.

camera’s type, in particular whether it is a point-and-shoot (P&S) or a digital singlelense reflex (DSLR) camera. We use this type classification as given by Flickr and the
names are not meant to imply something about the actual camera use. We again tried
our best to ensure that different camera names (such as “Maxxum 7D” and “Dynax
7D”) referring to the same model were mapped to the same ID. We ignored cameras
not included in the online list, which appeared to be comparatively old models. Table II
shows the number of users for the three time slots considered and Figure 2 shows the
distribution among the various brands.
It should be noted that, although we have time-related information about the users’
camera brands, the underlying friendship network, the geographical information and
the groups information is only for June 2008, the time of the crawl. Hence, the fact
that two users are friends in our dataset does not necessarily mean they were friends
in 2006. However, we do assume that the friendship network in 2008 is still a good
approximation of the network in 2006, and so we also include results for this period.
But our focus is always on the most current time slot. Also note that although 2.1M
users in our crawl have at least one public image, only 1.2M of them uploaded a picture
with valid brand information during our time periods of interest.
Although not directly related to brand congruence or the propagation of new models
through the friendship graph, we also tried to investigate whether there is a “digital
divide” with respect to the types of cameras used. Table III shows that the percentage
of users from the poorest countries in the world that use a high-end DSLR camera
is similar to the percentage in the richest countries. The most likely explanation for
this is a pronounced bias in terms of access to the internet and to Flickr in the first
ACM Transactions on the Web, Vol. 5, No. 4, Article 20, Publication date: October 2011.
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Table III. Differentiaton of Users with Known Country
According to Whether They Used a P&S or a DSLR
Camera in 2008
Country Type

Total Users

P&S

DSLR

Low Income

486

60%

40%

Lower Middle Income

5614

61%

39%

Upper Middle Income

19K

69%

31%

High Income

120K

56%

44%

Other camera types were not included and so the percentages are relative to each other. Countries were categorized
into four classes according to the world bank’s classification. Representatives of the classes are, in increasing order
of income, Bangladesh, India, Russia and Switzerland.

place. Whereas in a rich country Flickr users are more likely to be at least somewhat
representative of the population, this is unlikely to hold even approximately in poor
countries.
4. RESULTS

Here, we present the results of our analysis. First, in Section 4.1, we introduce the
basic technique of analysis which was used for most of our study. Sections 4.2 and 4.3
then present our main findings, ranging from rather basic brand congruence analysis
to a more advanced analysis of how camera changes of one user affect her friends.
4.1 Techniques

Our basic technique of data analysis for brand congruence, also used in Singla and
Richardson [2008], is the following: we consider pairs of users of a certain type and
measure the percentage of them sharing the same camera brand, an event we refer to
as brand congruence, or simply as being congruent. For example, we look at pairs of
random users and compare their probability of brand congruence (as a baseline) to the
probability for pairs of friends. We then consider more and more relevant conditions
for possible pairs of users, such as whether they are in the same country, whether they
share many common friends or whether they both use high-end cameras.
We evaluated all of these numbers for the full list of 44M friendship links. However,
due to the obvious problems of scalability, we did not compute these numbers for all
4.4 trillion possible pairs of random users. Here, we once sampled uniformly at random a set of 44M random pairs, irrespective of any existing friendship links, and then
computed all the relevant properties for this collection of pairs. No “self-links” were
allowed for this. The 44M pairs were then further conditioned to, for example, only
make statements about pairs of random users in the same country. Both for pairs of
friends and for the pairs of random users, we always include the absolute numbers of
pairs which have a certain property, along with the percentage of these which are congruent. Note that for certain statistics this sampling was not required. For example,
if there are only two brands, brand A and B, and 60% of users use brand A and 40%
brand B, then one can directly compute that the probability of a random pair of users
being congruent is 36% + 16% = 52%. Here, 36% is the probability that two users are
congruent on A and 16% is the probability that they are congruent on B. Wherever
such a closed-form solution was possible, the results agreed for at least three significant digits.
To study the propagation of models through the friendship graph, we mostly used
the following two techniques. First, a method similar to one used in Leskovec et al.
[2006]. Here, we describe the changes of the network topology as nodes convert to/from
ACM Transactions on the Web, Vol. 5, No. 4, Article 20, Publication date: October 2011.
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Table IV. Probability that a Pair of Two Users Will Share the
Same Camera Brand, Depending on Whether They Are Random
Users or Friends
Mar-May06

Mar-May07

Mar-May08

random users

0.16 (2.0M)

0.17 (4.2M)

0.19 (3.7M)

friends

0.22 (5.9M)

0.25 (11M)

0.27 (11M)

Here and throughout the article, the number in parentheses
give the absolute numbers of pairs used.

a new model in terms of the distribution of connected components of certain shapes.
These distributions are then compared to distributions obtained by random propagation of new models. Second, we use more local techniques, similar to those used for
brand congruence, and try to understand which factors influence the probability that
a particular node will convert to a new model between two time steps.
4.2 Basic Brand Analysis
Differences between Pairs of Friends and Random Users. As a baseline experiment, to compare effects of various factors against, we measured the probability of brand congruence between any two random users in a given time slot. Table IV gives the results for
the three time slots. To see a first relevance of the friendship factor when it comes to
brand congruence, we measured the probability of congruence on our Flickr friendship
network in a given time slot. Table IV gives the results for the three time slots as well.
Looking at numbers of Table IV, we see an increase of 80% in the probability of
sharing the same brand in the friendship graph as compared to random pairs. This
result is observed for all the timeslots. However, it could well be that two friends are
simply more likely to be in the same geographical area and that the higher degree of
congruence can be solely explained by geographical changes of the predominant brand.
Our next experiment will show that this is not the underlying reason for the observed
effect.
Random Pairs with Country Conditions. To see if the underlying explanatory factor is the
common country of two friends, we carried out experiments, where we split pairs of
random users into two classes, depending on whether they come from the same country
or not. Only users who had provided valid information concerning their country were
used for this experiment.
Table V gives the probabilities that we get by conditioning on random user pairs
in the two ways previously mentioned. Note that this is not a proper breakdown of
the results in Table IV, as the majority of users do not have any country information.
These users are still included in the previous results, but are not used for the countryrelated analysis. The fact that conditioning on the same country leads to higher congruence probabilities (see Table IV for comparison) means that the higher congruence
for friendship links can at least partly be explained by regional congruence. However, (i) the congruence probabilities are still lower than for a randomly selected pair
of friends and (ii) the congruence among friends increases further, when we also condition on both users having the same country (and a valid country to begin with), as
shown in Table V.
Friendship Graph with Country Conditions. As for two random users, we also split the
results for two friends, according to whether they come from the same or different
countries. Note that even two friends from different countries are still more likely to
be congruent than two random users from the same country. This is a first indication
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Table V. Probability of Congruence for Random Pairs and Friends,
Depending on Whether They Are in the Same Country (SC) or in
Different Countries (DC)
Mar-May06

Mar-May07

Mar-May08

- same country

0.19 (64K)

0.22 (70K)

0.23 (44K)

- diff. country

0.16 (187K)

0.18 (336K)

0.19 (301K)

- same country

0.24 (908K)

0.27 (1.4M)

0.29 (1.5M)

- diff. country

0.21 (1.3M)

0.24 (2.1M)

0.28 (2.1M)

random users

friends

Fig. 3. Histogram summarizing the results of our basic analysis for the time period March-May 2008. Note
that two friends who provided valid country information, even if they come from different countries, are still
more likely to be congruent than two arbitrary friends.

of the relevance of friendship which will be investigated further in the next section.
Figure 3 gives a summary of the results so far.
4.3 Advanced Brand Analysis

In the previous section, we saw that friendship information is clearly relevant for
brand congruence. In this section, we dig deeper and try to find out “which kind of
friendships” matter, “which other factors play a crucial role” and “how things evolve
with time”.
Varying Degree of Groups Similarity. One attempt to measure the closeness of two
friends, is to find out if they share common interests. Though lists of interests are
not available on Flickr, the groups joined provide some indication to the interests
held by a particular user. Therefore, one could hypothesize that two friends who
joined many of the same groups are “closer” in some sense and should be more congruent. To test this hypothesis, we classified the links between two friends according to the Jacquard coefficient of the groups joined. This coefficient is defined as
G J (X , Y ) = |G(X ) ∩ G(Y )|/|G(X ) ∪ G(Y )|, where G(X ) denotes the group set joined
by a user X . Only users who joined at least one group were used for this experiment.
Table VI does not show any correlation between the degree of group similarity
and the probability of brand congruence. Interestingly, there appears to be a small
drop for friends who “only share very few, but more than no groups”. This is interesting because, a priori, one could expect a monotonicity: the more shared groups,
the closer the friendship; the closer the friendship, the higher the brand congruence.
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Table VI. The Degree of Overlap between the Groups Joined by
Pairs of Friends Does Not Affect the Probability That They Use
Cameras of the Same Brand, Although There Does Appear to be a
Small Drop for Friends Having Some But Only Few Groups
in Common
G J (X , Y )

Mar-May06

Mar-May07

Mar-May08

baseline

0.22 (5.9M)

0.25 (11M)

0.27 (11M)

0 ≤ G J < 0.2

0.22 (5.3M)

0.25 (9.3M)

0.27 (10M)

0.2 ≤ G J < 0.4

0.20 (36K)

0.22 (86K)

0.24 (129K)

0.4 ≤ G J < 0.6

0.24 (4.6K)

0.26 (8.8K)

0.26 (9.7)

0.6 ≤ G J < 0.8

0.26 (559)

0.24 (1.0K)

0.27 (1.2K)

0.8 ≤ G J ≤ 1.0

0.26 (3.4K)

0.24 (6.0K)

0.27 (6.8K)

Table VII. Probability of Brand Congruence for Two Friends,
When the Friendship Type Is Broken Down into Mutual and
One-Way Friendship
Mar-May06

Mar-May07

Mar-May08

baseline

0.22 (5.9M)

0.25 (11M)

0.27 (11M)

Mutual

0.22 (3.9M)

0.24 (7.1M)

0.27 (8.0M)

One-way

0.22 (2.0M)

0.25 (3.4M)

0.28 (3.4M)

However, it seems that photography topical interests are not an indicator for closeness
of friendship.
Mutual vs. One-Way Links. As opposed to most other social networks, such as Facebook
or Myspace, Flickr allows one-way friendship links. Such links can serve the purpose
of a “bookmark” for the other person’s profile or they could be a sign of admiration. The
“admired” person is informed about the created link and can then decide to reciprocate
it or not. One could expect that reciprocated links are stronger indications for actual
friendship and tend to lead to higher brand congruency than one-way links. Or one
could hypothesize that one-way links, if they are indications of admiration, would lead
to higher brand congruency. To test if there is any difference, we split the friendship
links into two classes, mutual links and one-way links. Table VII shows that there
are no big differences between the two types of friendship in terms of the degree of
congruence.
Many Friends vs. Few Friends. Another dimension to explore is the size of a person’s list
of friends. One could consider a friendship link from a person with few friends to be
more “meaningful” than from a user with dozens of friends. To test if there are such
difference between these two categories, we split users according to whether they have
more than five friends (this is a “large” user in our terminology) or whether they have
less than five friends (this is a “small” user). The threshold of 5 was chosen such that
roughly one quarter of the users (28.8%) fell into the group of large “power users”. Note
that even though they account for less than half of the users, 88.5% of all friendship
links are between “large” users. The distinction between “small” and “large” users was
then combined with a breakdown into same or different countries.
Table VIII nicely shows that the congruence between pairs of friends, who are selective when it comes to adding friends on Flickr, is far stronger than between pairs
of friends who have more than five friends. Furthermore, for pairs of “small” users
the congruence is dramatically influenced by the fact whether the two friends are in
the same country or not. Table IX shows the comparison results for random users
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Table VIII. Brand Congruence Probabilities for Pairs of Friends when
Conditioned (i) on the Size of the Friendship Lists of Both Friends and (ii)
on a Common or Different Country of the Users
Type of friends pair

Mar-May06

Mar-May07

Mar-May08

baseline

0.22 (5.9M)

0.25 (11M)

0.27 (11M)

- all

0.29 (43K)

0.28 (83K)

0.30 (83K)

- same country

0.28 (2.7K)

0.28 (4.1K)

0.31 (3.6K)

- diff. country

0.23 (714)

0.22 (992)

0.21 (745)

- all

0.24 (143K)

0.25 (266K)

0.28 (258K)

- same country

0.25 (17K)

0.27 (27K)

0.28 (26K)

- diff. country

0.20 (8.2K)

0.22 (13K)

0.25 (11K)

- all

0.22 (272K)

0.24 (480K)

0.26 (453K)

- same country

0.24 (28K)

0.25 (41K)

0.27 (38K)

- diff. country

0.20 (20K)

0.21 (30K)

0.24 (25K)

- all

0.22 (5.4K)

0.24 (9.7M)

0.27 (11M)

- same country

0.23 (860K)

0.27 (1.4M)

0.29 (1.4M)

- diff. country

0.21 (1.3M)

0.25 (2.1M)

0.28 (2.1M)

small-small

small-large

large-small

large-large

A “small” user is one with up to five friends and a large user has more
than five friends. Note that for a pair of small-small friends the congruence probability is greatly increased when they are in the same country
(31% for 2008) compared to when they are not (21% for 2008).

of the same/different country, broken down the results into the sizes of each users.
This shows that “small” users do not inherently have a strong tendency to share the
same brand, even if they are in the same country, but that this effect is related to the
friendship.
Varying Degree of “Cliqueness”. Apart from “selectivity” one might also expect that the
degree of “cliqueness” between two friends will have an effect. If two friends have
many friends in common, they can be said to be in a social clique. Formally, we define
the cliqueness FJ between between two users X and Y to be the Jacquard coefficient
of their two sets of friends. That is, for a pair of friends (X , Y ) we have FJ(X , Y ) =
| F̄(X ) ∩ F̄(Y )|/| F̄(X ) ∪ F̄(Y )|. Here, F̄(X ) = F(X ) ∪ {X }, which is the set of X ’s friends
together with X itself. The cliqueness between two users is 1.0 if and only if they
share all their friends (which includes the case where they do not have any friends
apart from each other9 ), and it can never be zero.
Figure 4 shows how an increase in cliqueness (on the X-axis) leads to a higher brand
congruence. Table X gives a breakdown of users according to low (≤ 0.5) and high
(> 0.5) cliqueness in combination with conditioning on a common or different country. Here, one can see, by looking at the absolute numbers of links used in each cell,
that high cliqueness friends have a far higher probability of being in the same country (91%) than low cliqueness friends (42%), given that both friends provided country
information.
9 But

this case is not included in our dataset, as we would have never discovered this isolated component in
our crawl.
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Table IX. Brand Congruence Probabilities for Pairs of Random Users
when Conditioned (i) on the Size of the Friendship Lists of Both Users
(Who Will Most Likely Not be Friends) and (ii) on a Common or Different
Country of the Users
Type of random pair

Mar-May06

Mar-May07

Mar-May08

baseline

0.16 (2.0M)

0.17 (4.2M)

0.19 (3.7M)

- all

0.16 (657K)

0.16 (1.3M)

0.18 (1.1M)

- same country

0.17 (6.0K)

0.18 (9.2K)

0.21 (7.2K)

- diff. country

0.15 (25K)

0.15 (41K)

0.17 (31K)

- all

0.16 (498K)

0.17 (1.0M)

0.19 (922K)

- same country

0.18 (10K)

0.21 (16K)

0.23 (14K)

- diff. country

0.16 (43K)

0.17 (76K)

0.19 (66K)

- all

0.16 (497K)

0.17 (1.0M)

0.19 (921K)

- same country

0.19 (10K)

0.21 (16K)

0.22 (14K)

- diff. country

0.16 (43K)

0.17 (76K)

0.19 (65K)

- all

0.17 (376K)

0.19 (766K)

0.21 (784K)

- same country

0.21 (17K)

0.24 (29K)

0.25 (28K)

- diff. country

0.17 (76K)

0.19 (141K)

0.21 (140K)

small-small

small-large

large-small

large-large

Two small, random users are the least likely to be congruent, whereas
two small friends are the most likely to be congruent.

Fig. 4. Congruence probability for pairs of friends with varying degree of cliqueness. Cliqueness turned out
to be the strongest camera-type independent factor in our study.

More interestingly, as already observed for the breakdown into small and large
friends, the difference between high and low cliqueness friends is getting smaller from
2006 to 2008. As we could only observe the present status of a friendship relation, it
would be interesting to look at this more closely by taking the age of friendship links
into account.
When the size of the friendship lists is combined with the degree of cliqueness, an
interesting reversal takes places. Whereas, globally, pairs of small users are more
likely to be congruent than pairs of large users, Table XI show this order is reversed,
when we only look at friends with a high degree of cliqueness. This can be understood
by observing that sharing more than 50% of friends, when both people involved have
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Table X. Breakdown of the Congruence Probabilities between for
Friends According to a Common/Different Country and the Degree
of Cliqueness for the Two Users
FJ(X , Y )

Mar-May06

Mar-May07

Mar-May08

baseline

0.22 (5.9M)

0.25 (11M)

0.27 (11M)

- all

0.22 (5.9M)

0.24 (10M)

0.27 (11M)

- same country

0.23 (906K)

0.27 (1.4M)

0.29 (1.5M)

- diff. country

0.21 (1.3M)

0.24 (2.1M)

0.28 (2.1M)

- all

0.32 (27K)

0.32 (51K)

0.33 (53K)

- same country

0.30 (2.0K)

0.34 (2.8K)

0.33 (2.5K)

- diff. country

0.28 (317)

0.22 (383)

0.24 (346)

0 ≤ FJ ≤ 0.5

0.5 < FJ ≤ 1.0

Table XI. A More Detailed Breakdown of the Congruence
Probabilities for 2008 According to (i) the Degree of Cliqueness FJ ,
(ii) whether Two Friends Share a Common Country, and According
to (iii) the Size of the Friendship Lists of the Two Friends
User type (more or less than five friends)
FJ(X , Y )

all

small-small

large-large

baseline

0.22 (5.9M)

0.25 (11M)

0.27 (11M)

- all

0.27 (11M)

0.29 (58K)

0.27 (11M)

- same country

0.29 (1.5M)

0.30 (2.7K)

0.29 (1.4M)

- diff. country

0.28 (2.1M)

0.20 (569)

0.28 (2.1M)
0.35 (22K)

0 ≤ FJ ≤ 0.5

0.5 < FJ ≤ 1.0
- all

0.33 (53K)

0.32 (26K)

- same country

0.33 (2.5K)

0.33 (945)

0.32 (1.2K)

- diff. country

0.24 (346)

0.24 (176)

0.27 (32)

Note that neither the counts for the same and different countries
have to add up to “all” (as only users with country information
are used for the first), nor do the numbers for small-small and
large-large have to add up to “all” (as there are also other edge
types).

long lists of friends, is arguably a stronger sign of a clique than if both sides only have
a single friend, but this friend is in common. In fact, if we require the cliqueness to be
larger than 0.8 (and not just 0.5), then pairs of large friends have a probability of 48%
to share a common brand in 2008 (out of 2,268 pairs). For 2007, this percentage goes
up to 51% (out of 2,740 pairs) and it is even 57% (out of 1,365 pairs) in 2006.
Two Important User Types: P&S vs. DSLR. Apart from the social aspects studied above,
we also looked at a break-down of “low-end vs. high-end” users. Concretely, we focused on those users who either used a point-and-shoot camera (P&S), which is usually a cheaper (by comparison) camera for non-expert users and on those with a digital
single-lens reflex camera (DSLR), which is usually a more expensive camera for more
advanced users. The results for friends are presented in Table XII and in Table XIII for
random users. Note that for this analysis other camera types, such as camera phones,
were not used.
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Table XII. Breakdown of Brand Congruence Probabilities for Pairs
of Friends According to the Camera Quality Used (Point-and-Shoot
vs. Digital-Single-Lens-Reflex) and Further Conditioning on
the Country
Type of pair

Mar-May06

Mar-May07

Mar-May08

P&S - P&S
- all

0.23 (1.5M)

0.25 (2.1M)

0.26 (1.7M)

- same country

0.26 (232K)

0.28 (294K)

0.29 (226K)

- diff. country

0.18 (280K)

0.19 (351K)

0.21 (240K)

P&S - DSLR
- all

0.18 (663K)

0.19 (1.3M)

0.20 (1.3M)

- same country

0.22 (109K)

0.23 (183K)

0.24 (180K)

- diff. country

0.16 (157K)

0.17 (28K)

0.18 (266K)

DSLR - P&S
- all

0.18 (580K)

0.19 (1.1M)

0.20 (1.1M)

- same country

0.23 (96K)

0.24 (165K)

0.25 (168K)

- diff. country

0.15 (131K)

0.16 (234K)

0.18 (225K)

DSLR - DSLR
- all

0.49 (447K)

0.48 (1.3M)

0.47 (2.1M)

- same country

0.52 (87K)

0.50 (231K)

0.49 (338K)

- diff. country

0.47 (110K)

0.45 (316K)

0.46 (470K)

Table XIII. Breakdown of Brand Congruence Probabilities for Pairs
of Random Users According to the Camera Quality Used
(Point-and-Shoot vs. Digital-Single-Lens-Reflex) and Further
Conditioning on the Country
Type of pair

Mar-May06

Mar-May07

Mar-May08

- all

0.19 (652K)

0.19 (1.2M)

0.20 (799K)

- same country

0.25 (14K)

0.26 (19K)

0.28 (13K)

- diff. country

0.18 (55K)

0.18 (82K)

0.18 (52K)

- all

0.17 (167K)

0.17 (434K)

0.19 (454K)

- same country

0.25 (5K)

0.26 (10K)

0.27 (10K)

- diff. country

0.15 (16K)

0.18 (82K)

0.17 (38K)

- all

0.17 (167K)

0.17 (437K)

0.19 (456K)

- same country

0.24 (5K)

0.26 (11K)

0.27 (10K)

- diff. country

0.15 (17K)

0.16 (37K)

0.17 (38K)

- all

0.44 (43K)

0.42 (158K)

0.42 (259K)

- same country

0.45 (1.8K)

0.45 (6K)

0.45 (8K)

- diff. country

0.43 (4.9K)

0.41 (16K)

0.41 (27K)

P&S - P&S

P&S - DSLR

DSLR - P&S

DSLR - DSLR

There are some interesting observations to make. First, for pairs of P&S users the
effect of being in the same country is striking. For two friends in this group, the difference for 2008 is between 29% (for the same country) and 21% (for different countries).
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Table XIV. Breakdown of Brand Congruence Probabilities for
Pairs of friends for the Period March-May 2008 According to the
Camera Quality Used and the Degree of Cliqueness (FJ ≤ 0.5 or
FJ > 0.5)
Cliqueness
Type of pair

ignored

low

high

all

0.27 (11M)

0.27 (11M)

0.33 (53K)

P&S - P&S

0.26 (1.7M)

0.26 (1.7M)

0.39 (15K)

P&S - DSLR

0.20 (1.3M)

0.20 (1.3M)

0.23 (4.1K)

DSLR - P&S

0.20 (1.1M)

0.20 (1.1M)

0.23 (4.1K)

DSLR - DSLR

0.47 (2.1M)

0.47 (2.1M)

0.66 (5.8K)

For two random users the corresponding numbers are 28% vs. 18%. This even goes
so far that the friendship information seems nearly irrelevant in this setting and it
shows that the local dominance of “cheap” camera brands differs around the globe. It
also seems to imply that users of such cheap P&S cameras are not strongly affected
by the influence of their friends. However, this later claim will be refuted, once we
additionally take cliqueness into account (Table XIV). Second, pairs of DSLR users
are far more likely to use cameras of the same brand than other users. Third, for such
pairs of “expert” users, the country influence is much weaker and the global differences
seem to be washed away for high-end models. These users also seem to show a higher
influence to peer pressure, as the degree of congruence, though already at a high level
for random users, increases further when conditioned on friendship (42% vs. 47% for
2008, 45% vs. 49% for 2008 and a common country).
The effect of friendship becomes much more pronounced, when we look at the results
for high-cliqueness friends in Table XIV. Now a pair of cliqued P&S friends has a
probability of 39% of being congruent, compared to 28% for two random P&S users in
the same country. Similarly, the congruence goes up to 66% for pairs of highly cliqued
DSLR users, compared to 45% for two such random users in the same country and
compared to 49% for two such friends (regardless of cliqueness) in the same country.
The same table also shows, in agreement with the results in Tables XII and XIII, that
for pairs of different user types, any friendship connection is essentially irrelevant. We
were expecting the “inexperienced” P&S users to be influenced by their “expert” DSLR
user friends, which does not seem to be the case.
Evolution Over Time. So far, our analysis has mostly focused on a single time slot
at a time. In this and the next paragraphs, we will focus on the evolution of brand
congruence. The histogram in Figure 5 shows how pairs of users have become more
and more likely to share a brand. For pairs of friends this effect is at least partly due
to the fact that the current friendship graph of 2008 is only an approximation of the
friendship network for 2007 or 2006. This means that pairs of “friends” could actually
be random pairs when the link was only recently established. Hence one would expect
a lower degree of congruence among friends for 2007 and 2006. Interestingly, the same
trend towards a higher brand congruence in 2008 exists even for pairs of random users.
This is due to the fact that the variance in terms of brand distribution has gone down.
More concretely, the two strongest brands (Canon and Sony) combined, increased their
share of users from 48% in 2006, to 49% in 2007 and finally to 54% in 2008 and the
entropy of the global brand distribution has decreased from 3.1 bits in 2006 to 2.9 bits
in 2008.
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Fig. 5. Changes in congruence probabilities over time. Recall that all friendship links are with respect to
the network in 2008.

Table XV. Users of DSLR Cameras Are, Compared to Users of
Point-and-Shoot Cameras, (i) Less Likely to Change Their
Camera Model over the Course of a Year and (ii) Less Likely to
Change Their Brand, Even if They Do Change Their
Camera Model
Camera type in 2007
P&S
DSLR
Number of users considered

142K

66K

Changes in brand

34%

15%

Changes in model

52%

36%

Brand change, given model change

67%

40%

The last statement remains true when the fact that there is
generally less variability among DSLR users is taken into account (Tables XII and XIII). Unrelated to the brand loyalty
aspect, it is also noteworthy that more than half of the P&S
users changed their model between 2007 and 2008.

Loyalty for Low-Budget vs. High-End Users. Intuitively, one would expect photographers
to “evolve” in terms of brand loyalty. That is, in their early days as photographers
they would be using comparably cheap point-and-shoot cameras and they would not
feel particularly attached to their current brand. For these users, the buying decision
was probably more influenced by offers at major electronic discount stores, than it was
by consciously considering all possible options in terms of their quality. Eventually,
they might decide to take photography more seriously and purchase a single lens reflex camera. At this point, one would expect their decision to be more conscious and
the user feeling more attached to the particular model she purchased. This would
then lead to a higher brand loyalty when it comes to future purchases. Furthermore,
for high end cameras accessories such as lenses might be reusable between different
models of the same brand.
This is indeed what we observed. Namely, users of point-and-shoot cameras are
far more likely to switch to a different brand when they buy a new camera, then
users of single-lens-reflex cameras. See Table XV for details. However, this has to
be put in relation to the observation that DSLR users generally have less variability in terms of their brands used and tend to stick to fewer brands. Still, comparing
the numbers of Table XV with Table XIII one observes that a random DSLR user
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in the same country has a probability of “only” 45% of sharing my brand in 2008,
but if I change my model from 2007 to 2008, and if I have a DSLR camera in 2007,
then I have a probability of 64% of ending up with the same brand again. The corresponding numbers are 29% and 48% for P&S users. Interestingly, the probability of
staying with the same brand is in both cases lower than the probability of sharing
the same brand with a high cliqueness friend of the same user type (DSLR or P&S).
This could be seen as an indication that users are more influenced by “viral marketing” through their close friends than by “brand loyalty” resulting from their own
past experience. It could also be an indication that the event of a user changing her
model is already a small indication of dissatisfaction, which might encourage a brand
change.
Triggering of Events by Friends. We also tried to investigate, whether the fact that a
user changes her brand or at least acquires a new camera model, has some measurable influence on the probability that her friends do likewise, especially the highcliqueness friends, with a cliqueness higher than 0.5. Again, such effects are indeed
observable.
Given a user changes her camera model between 2007 and 2008, on average 54%
of her high cliqueness friends and 51% of her low cliqueness friends also change their
model. However, a random user only has a probability of 48% of doing so. Also, out
of all the low-cliqueness friends who change their model, 29% change to a camera of
the same brand as the user of attention, and this percentage increases to 38% for the
cliqueness friends. This percentage is higher than the 33% probability of two highcliqueness friends in 2008 to share a common brand, which is a further indication that
they indeed changed together. On the other hand, random users who change their
model during the same period, only have a probability of 20% of changing to the same
brand in 2008. This percentage is then just one percent above the 19% probability for
two random user to share a brand.
Similarly, given that a user changes her brand (and hence the model) in the same
period, on average 38% of her low-cliqueness friends do the same (out of which 18%
change to the same brand), 43% of the high-cliqueness friends (out of which 27%
change to the same brand) and 38% of random users (out of which 13% change to
the same brand). In all of these cases, taking a common country into account changed
very little, generally adding 1-2% to all numbers.

4.4 Propagation of Models Through Graph

The analysis in the previous sections focused (i) on the static case and (ii) on brands.
In this section, we take a different approach and try to describe how new models propagate through the friendship graph, that is, how users become “converted”. Our experiments focus (i) on the Nikon D80, a DSLR camera which became very popular
between 2007 and 2008 (from 2.1% to 3.7% of users with known model), (ii) on the
Canon SD1000, a P&S camera with a similar gain in popularity (from 0.2% to 1.5% of
users with known model), and (iii) on the Canon EOS 20D, a DSLR model which sees
its spread shrink from 2007 to 2008 (from 2% to 1.5% for users with known model). In
the first part of this section, we describe how the graph and in particular the connected
components of converted users change as a model spreads/shrinks in the network. In
the second part, we analyze factors which influence the probability that a particular
user will convert to the model under consideration.
Behavior of Converted, Connected Components. Following a similar approach to Leskovec
et al. [2006], where the (graph) patterns of recommendation are examined, we looked
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Table XVI. Distribution of the Weakly Connected Components of
Nikon D80 Users
Weakly CC
(nodes,edges)

Nikon D80 (DSLR), Growth
2007
2008
Random-2008
#CC
% users
#CC
% users
#CC
% users

(1, 0)
(2, 1)
(3, 2)
(3052, 7280)
(3982, 7955)
(6214, 17297)

7424
292
36
1
0
0

66.0%
5.2%
1.0%
27.1%
0%
0%

11079
515
68
0
0
1

59.2%
5.5%
1.1%
0%
0%
33.2%

13704
404
51
0
1
0

73.2%
4.3%
0.8%
0%
21.3%
0%

Weakly connected components accounting for less than 1% of the users in all
three settings (2007, 2008, Random-2008) are not listed. The distributions of
the real growth and the random growth from 2007 to 2008 for the Nikon D80
differ considerably.

at how the distribution (in terms of counts) of weakly10 connected components changes
from 2007 to 2008 as more nodes become “converted”. Concretely we did the following.
For the DSLR models under consideration (Nikon D80 and Canon EOS 20D) we obtained a distribution of sizes of the weakly connected components of converted users
in 2007. This distribution is shown in the first and second columns in Table XVI and
Table XVII respectively for Nikon and Canon Models. Then, for 2008, we again computed this distribution, both for the actual graph (shown in third and fourth columns)
and also for a random version, (shown in fifth and sixth columns) in the same tables.
In the random version random nodes are converted irrespective of their neighbors. The
number of random nodes converted was chosen in order to maintain (i) the number of
users who convert away from the model under consideration between 2007 and 2008,
and (ii) the number of users who convert to the model under consideration. Differences
or similarities between the distribution in clique sizes are hence an indication how far
or close to random growth/decline the actual growth/decline of the model was.
Table XVI shows that for the actual growth of the Nikon D80 the percentage of
isolated nodes in 2008 out of all converted nodes is only 59%, compared to 73% for a
random growth. Furthermore, the giant component encompasses 33% of nodes in the
real graph, compared to only 21% in the random graph. This is a clear indication that
the nodes were not converted independently of each other, but that conversions tended
to be locally boosted.
Interestingly, Table XVII also shows that the decline of the model Canon EOS 20D
appears to follow the random decline quite closely. Both in terms of (remaining) isolated nodes and in terms of the (remaining) size of the giant component no big differences can be observed. This is an indication that people convert to a target model in a
somewhat co-ordinated manner, but that they convert from a target model in an essentially random fashion. This nicely coincides with the intuition: You tell your friends
about the new camera you just bought, but you do not tell them about the old camera
you just got rid of.

10 Recall

that friendship connections are directed in Flickr, so weakly connected components will usually
differ from connected components. However, as shown in Section 4.3 (“Mutual vs. one-way links”), there
does not appear to be a noticeable difference between the influence of unidirectional and bidirectional links.
For this reason, we worked with the larger weakly connected component, effectively treating all edges as
bidirectional.
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Table XVII. Distribution of the Weakly Connected Components of Canon EOS
20 Users
Weakly CC
(nodes,edges)

Canon EOS 20D (DSLR), Decline
2007
2008
Random-2008
#CC
% users
#CC
% users
#CC
% users

(1, 0)
(2, 1)
(3, 2)
(1671, 3248)
(1682, 3627)
(3119, 8441)

6909
237
36
0
0
1

64.8%
4.4%
1.0%
0%
0%
29.2%

5123
222
22
1
0
0

69.6%
6.0%
0.9%
22.7%
0%
0%

5183
177
25
0
1
0

70.4%
4.8%
1.0%
0%
22.9%
0%

Weakly connected components accounting for less than 1% of the users in
all three settings (2007, 2008, Random-2008) are not listed. The distributions of the real decline and the random decline for the Canon EOS 20D
almost coincide.

Canon SD1000 (P&S)
# users
% conv. ’08

Nikon D80 (DSLR)
# users
% conv. ’08

all

0
1
2
[3, 4]
[5, 8]
[9, ∞)

223054
4799
418
88
20
1

1.1
2.6
2.6
2.3
0
0

174856
24329
8789
7068
4546
3282

1.6
3.0
3.3
4.2
5.0
5.0

high

Table XVIII. The Table Shows the Percentage of Users Converted from 2007 to
2008 in Relation to the Number of Their Converted Friends in 2007

0
1
[2, ∞)

227366
962
52

1.1
4.7
1.9

215974
5570
1326

2.0
3.9
5.4

cliqueness

# conv. fr. ’07

The more of a user’s friends had the (new) model under consideration in 2007,
the more likely was the user to convert to this model in 2008. Converted high
cliqueness friends (FJ > 0.1) were a strong indication toward a conversion of
the user herself. Out of all users with a known camera model in 2007 and
2008, given that 2007 model is distinct from the model under consideration,
1.1% converted to a Canon SD1000 and 2.0% to a Nikon D80. These values
serve as baseline conversion rates.

Factors Inﬂuencing the Probability of Conversion. Rather than a global view of the conversions (in terms of the size distribution of connected components), here we take a local
view and analyze which factors influence the conversion probability of a single user.
First, we wanted to see if the number of converted friends of a particular user in
2007 has an influence on her conversion probability and, if yes, whether there are
“diminishing returns” where having many converted friends does not enhance the conversion probability a lot compared to having at least a few converted friends. Not
surprisingly, the number of infected friends did indeed have an influence (see top part
of Table XVIII). So we looked further and tried to understand if there are certain
types of friends, which have the biggest influence. For example, friends with a high
cliqueness (see bottom part of Table XVIII), or friends from the same country (see
Table XIX).
Table XVIII shows two things. First, at least for the DSLR model considered the
conversion probability increases with the number of converted friends, though there is
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Canon SD1000 (P&S)
# users
% conv. ’08

Nikon D80 (DSLR)
# users
% conv. ’08

same country

0
1
2
[3, 4]
[5, 8]
[9, ∞)

227226
1046
79
28
1
0

1.1
2.2
2.5
3.6
0
0

209598
8659
2476
1472
502
163

1.9
3.3
3.9
4.8
4.6
5.5

differ. country

Table XIX. The Table Shows the Percentage of Users Converted from 2007 to 2008
in Relation to the Number of Their Converted Friends in 2007

0
1
2
[3, 4]
[5, 8]
[9, ∞)

227738
608
25
7
2
0

1.1
1.3
0
0
0
0

209113
7700
2530
1825
1045
657

1.9
3.4
4.7
5.4
5.1
4.0

cliqueness

# conv. fr. ’07

Friends are broken up into “same country” or “different country”. The baseline
conversion probabilities, irrespective of any friendship information, were again
1.1% and 2.0% for the Canon SD1000 and the Nikon D80 respectively.

the typical leveling off effect (“diminishing returns”). Second, high cliqueness friends11
are “more valuable” in terms of their conversion power than arbitrary friends.
Earlier in Section 4.3 (“Two important user types: P&S vs. DSLR”), we already
observed that the probability of brand congruence of P&S users depended a lot more
on the effect of the country than for DSLR users. Table XIX confirms this observation
from the angle of conversion probabilities. Though DSLR users are a lot more likely
to convert if they have many converted friends, the location of the friend seems to
play less of a role than for P&S users. Possible explanation are that P&S cameras are
marketed more locally or that high-end users invest more time in product research
and are also effected by remote friends.
4.5 Who’s a Friend?

All of our analysis so far indicates that friendship, and especially high cliqueness
friendship has a big influence on brand congruence and on model propagation. But
what constitutes a “friend” or rather a “contact” on Flickr?12 Are such virtual friends
also friends in real life? Are they online acquaintances? Or family members?
Though we have no way to give a comprehensive answer to the complex issue of
“friendship,” we did look at certain observable aspects that help to shed some light
on this complex question. A complete analysis of Flickr’s social graph would be well
beyond the scope of this work. Still, in this section, we answer the following questions
by looking at our data. Are friends more likely to share a common last name, that is,
most probably be family members? Are they more likely to share common interests?
Are they more likely to live in the same country? And how do the answers differ
between high-cliqueness and low-cliqueness friends?
Even though our analysis of the social graph is partly fragmentary and several
explanatory factors are not part of our dataset, all the findings in the following indicate
chose a threshold of FJ > 0.1 and not 0.5 as, for example, in Table X as otherwise the number of
matching users would have been too small to draw any conclusions.
12 Recall that we use the term “friend” to refer to “contacts” in Flickr. We chose the terminology “friend” as
it is more standard in the general context of social networks.
11 We
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Table XX. The Fraction of Friend-Pairs
Sharing the Same Last Name Increases with
Increasing Cliqueness
cliqueness

# edges

%-age same

0 ≤ F j < 0.2
0.2 ≤ F j < 0.4
0.4 ≤ F j < 0.6
0.6 ≤ F j < 0.8
0.8 ≤ F j ≤ 1.0

9.5M
0.2M
60K
24K
9K

.48%
4.1%
9.3%
14.1%
19.2%

Two random friends, independent of cliqueness, share the same last name in 0.7% of
cases and two random users, irrespective
of friendship, share the same last name
in 0.03% of cases. Only users with an
extractable last name were considered for
this analysis.
Table XXI. The Overlap of Groups Joined by
Two Friends as a Function of Their Cliqueness
cliqueness

# edges

FG

0 ≤ F j < 0.2
0.2 ≤ F j < 0.4
0.4 ≤ F j < 0.6
0.6 ≤ F j < 0.8
0.8 ≤ F j ≤ 1.0

40.6M/37M
1.8M/1.2M
0.39M/0.14M
0.19M/44K
90K/15K

.032/.035
.075/.110
.048/.126
.041/.156
.039/.198

The first numbers in columns 2 and 3 refer to
the setting where a user without any joined
groups has 0 overlap with other users. The
second numbers refer to the setting where
users without any joined groups are dropped
from the analysis.

that “high cliqueness” for a pair of Flickr contacts does indeed correlate with “close
friendship” in real life as high cliqueness increases the probability for pairs of users to
be (i) family members, (ii) share interests, (iii) live in the same country, and (iv) they
reciprocate their friendship links.
Friends and Family. Intuitively, family members are more likely to influence each
other’s purchase decisions than non-family friends. Therefore knowing roughly what
fraction of friends is made up by a user’s set of family members is relevant information
for marketing campaigns. Though we have no way of determining the actual family
relation between two given users, Table XX shows the fraction of befriended user pairs
who share a common last name. To derive the last name we looked at all user’s who
had provided at least two sequences of non-whitespaces as part of their “real name”
on Flickr. Whenever there were at least two such tokens, we used the last one after
casting it to lower case and removing punctuation characters. In this way, a last name
could be extracted for 720K out of 2.1M users in our study.
Friends and Common Interests. Apart from family membership, another possible factor
influencing (the closeness of) friendship is the set of common interests. Though the
general interests of a user could not be directly observed by us, we used the set of
groups joined by a user as an indication. One would expect that high cliqueness friends
are more likely to share common Flickr groups than other types of friends. Table XXI
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shows that this is indeed the case but only after users who have not joined a single
group are dropped from the analysis.
Friends Around the Corner. If “high cliqueness” does indeed correspond to, or at least
correlate with “close friendship” then high cliqueness should also correlate with local
proximity as close friends can be assumed to be more likely to be, well, close also in the
geographical sense. Overall, any pair of friends with valid country information shares
the same country in 40% of the cases, compared to 17% for a pair of random users. But
for a pair of users with FJ ≥ 0.2, this percentage has already increased to 76% and
highly cliqued users with FJ ≥ 0.8 share a common country in 89% of the cases.
Friendship is Mutual. On Flickr, the act of adding a user as a “contact” does not need
to be authorized which means that friendship links can be unidirectional. See Section
4.3 (“Mutual vs. one-way links”). However, for friends with a cliqueness of at least
FJ ≥ 0.2 there is a chance of at least 90% for the link to be mutual and this increases
to 99% for users with a cliqueness of FJ ≥ 0.8. This means that high cliqueness is not
caused by “devotees” who simply copy all of their idol’s conctacts.
5. SUMMARY

The main results of our work can be roughly broken up into two groups: results concerning brand congruence and results concerning the dissemination of models through
the friendship graph. As for brand congruence, we tested (i) whether friendship on
Flickr has a noticeable impact on brand congruence (“Yes.”), (ii) whether this impact can be explained by geographical factors alone (“No.”), (iii) which factors have
the biggest influence on the “strength” of a friendship link regarding brand congruence (“Cliqueness and size of friendship lists.”), (iv) whether certain user types need
to be considered separately (“DSLR and P&S.”), and (v) whether there are noticeable
effects of a local change of models or brands being related to changes in the neighborhood (“Yes.”). Concerning the propagation of particular models, we analyzed (i) if the
connected components of the corresponding users grow randomly (“No.”), (ii) if they
shrink randomly (“Yes.”), (iii) if the model conversion probability of a user depends on
the number of converted friends (“Yes.”), (iv) if this probability increases for more high
cliqueness converted friends (“Yes.”), and (v) whether there was a strong dependency
on friends being in the same/different country (“Only for P&S users.”). Finally, we
looked at what constitutes a “high-cliqueness” friend pair on Flickr and found several
indications that they correspond to close friends in “real” life as such contacts (i) are
more likely to be family members, (ii) are more likely to share common interests, (iii)
are more likely to be in the same country, and (iv) are more likely to pertain to mutual
friendship links.
Building on these insights, we plan to investigate other aspects apart from cliqueness which govern the strength of a friendship link. Here, possible factors are common
cities (rather than merely common countries) but also generalized notions of “friendship link” using, for example, (i) the number of comments left for a user’s pictures by
another user, and (ii) the number of times these pictures are bookmarked by others.
Similarly, it would be interesting to predict users who will be “early adopters” for new
models, in particular for models who end up being a major success later.
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