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Announcements

First quiz will take place Friday, October 2 in the tutorial rooms, SS
1069 and SS 1088. The quiz will cover material in chapters 2,3,4. I
will be a little more specific in Wednesdays lecture.

Tutorials are an integral part of this course. So whether you find all
this initial material difficult or easy, it is important to attend tutorials.
There will more things to discuss folloiwng the quiz, so best not to
not leave right after the quiz.
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Last lecture:
I Strong vs. weak ties and the strength of weak ties.

I Correspondence between
1 (quantitative) weakness of tie (a local property of an edge)
2 closeness to being a local bridge measured by neighbourhood overlap (a

somewhat more global network property)

I Clustering coefficient of a node measuring the extent to which triadic
closure has taken place (for whatever reason)

I The strong triadic closure as a “working assumption”.

This lecture:
I Quick review and some further discussion of Chapter 3.
I Start of Chapter 4.

This week’s tutorial: Quiz followed by discussion of basic probability
concepts which are central to chapter 4 of text.
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Information spread in a passive network

The maintained or passive relation network (as in the Facebook
networks on slide 19 of Lecture 4) is said to occupy a middle ground
between

1 strong tie network (in which individuals actively communicate), and
2 very weak tie networks (all “friends”) with many old (and inactive)

relations.

“Moving to an environment where everyone is passively engaged with
each other, some event, such as a new baby or engagement can
propagate very quickly through this highly connect neighborhood.”

We can add that an event might be a political demonstration.
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“Tightly knit communities” connected by weak ties

The intuitive concept of tightly knit communities occurs several times
in Chapter 3 but is deliberately left undefined.

In a small network we can sometimes visualize the tightly knit
communities but one cannot expect to do this is a large network.
That is one needs algorithms and this is the topic of the advanced
material in Section 3.6.

Recalling the relation to weak ties, the text calls attention to how
nodes at the end of one (or especially more) local bridges can play a
pivotal role in a social network.

These “gatekeeper nodes” between communities stand in contrast to
nodes which sit at the center of a tightly knit community.
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Central nodes vs. gatekeepers
3.5. CLOSURE, STRUCTURAL HOLES, AND SOCIAL CAPITAL 65
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Figure 3.11: The contrast between densely-knit groups and boundary-spanning links is re-
flected in the different positions of nodes A and B in the underyling social network.

There is a lot of further insight to be gained by asking about the roles that different nodes

play in this structure as well. In social networks, access to edges that span different groups is

not equally distributed across all nodes: some nodes are positioned at the interface between

multiple groups, with access to boundary-spanning edges, while others are positioned in the

middle of a single group. What is the effect of this heterogeneity? Following the expositional

lead of social-network researchers including Ron Burt [87], we can formulate an answer to

this question as a story about the different experiences that nodes have in a network like the

one in Figure 3.11 — particularly in the contrast between the experience of a node such as

A, who sits at the center of a single tightly-knit group, and node B, who sits at the interface

between several groups.

Embeddedness. Let’s start with node A. Node A’s set of network neighbors has been

subject to considerable triadic closure; A has a high clustering coefficient. (Recall that the

clustering coefficient is the fraction of pairs of neighbors who are themselves neighbors).

To talk about the structure around A it is useful to introduce an additional definition.

We define the embeddedness of an edge in a network to be the number of common neighbors

the two endpoints have. Thus, for example, the A-B edge has an embeddedness of two, since

A and B have the two common neighbors E and F . This definition relates to two notions

from earlier in the chapter. First, the embeddedness of an edge is equal to the numerator in

Figure : The contrast between densely-knit groups and boundary-spanning links
is reflected in the different positions of central node A and gatekeeper node B in
the underlying social network. [Fig 3.11, textbook]
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Social capital of nodes A and B

The edges adjacent to node A all have high embeddedness. Visually
one sees node A as a central node in a tightly-knit cluster. As such,
the social capital that A enjoys is its “bonding capital” in that the
actions of A can (for example) induce norms of behaviour because of
the trust in A.

In contrast, node B is a bridge to other parts of the network. As
such, its social capital is in the form of “brokerage” or “bridging
capital” as B can play the role of a “gatekeeper” (of information and
ideas) between different parts of the network. Furthermore, being
such a gatekeeper can lead to creativity stemming from the synthesis
of ideas.

Some nodes can have both bonding capital and bridging capital.
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Florentine marriages: Bridging capital of the Medici
The Medici are connected to more families, but not by much.
More importantly: Five of the seven edges adjacent to the Medici are
bridges or local bridges and the Medici lie on the shortest paths
between most pairs of families.

Figure : see [Jackson, Ch 1]
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A Balanced Min Cut in Graph: Bonding capital of
nodes 1 and 34

Mining Social Network Data

Mining social networks also has long history in social sciences.

E.g. Wayne Zachary’s Ph.D. work (1970-72): observe social
ties and rivalries in a university karate club.

During his observation, conflicts intensified and group split.

Split could be explained by minimum cut in social network.

Jon Kleinberg Challenges in Mining Social Network Data

Note that node 34 also seems to have bridging capital.
Wayne Zachary’s Ph.D. work (1970-72): observed social ties and
rivalries in a university karate club.
During his observation, conflicts intensified and group split.
Could the club boundaries be predicted from the network structure?
Split could almost be explained by minimum cut in social network.
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Strong and weak ties in the karate club network

7.4 Weak edges as bridges
Granovetter, in his seminal paper [8], demonstrated the

importance of weak social ties in connecting individuals with
information that is not readily available in their close social
circle, such as new work opportunities. A possible expla-
nation to this observation is nicely articulated in the book
of David Easley and Jon Kleinberg [4], where they postu-
late that weak ties act as bridges between communities in
the graph. Communities hold different types of information,
and the only way for an individual to obtain access to infor-
mation from a community different than her own is through
weak ties.

In accordance to this interpretation, given a labeling of
the edges of a graph with known community structure, we
would like most of the inter-community edges to be labeled
weak, while most of the strong labels to be confined to intra-
community edges. That is, edges that bridge communities
should be labeled weak, while strong edges should serve as
a backbone of the communities.

Formally, let G = (V, E) denote the input graph, and let
C = {C1, ..., Ck} denote a partition of the nodes of the graph
into k communities, which is also given as part of the input.
Let Einter denote the set of edges (u, v) such that u ∈ Ci and
v ∈ Cj for some i "= j, and let Eintra denote the set of edges
(u, v) such that u, v ∈ Ci for some i. Also given the labeling
LG of the graph G let W denote the set of edges labeled
weak, and let S denote the set of edges labeled strong. We
define the precision PW and recall RW for the weak edges
as follows:

PW =
|W ∩ Einter|

|W | and RW =
|W ∩ Einter|

|Einter|
Similarly, we define precision PS and recall RS for strong
edges as follows:

PS =
|S ∩ Eintra|

|S| and RS =
|S ∩ Eintra|

|Eintra|
The numbers we are mostly interested in are RW and PS ,
that is, we want the bridging edges to be labeled weak, and
the strong edges to be confined within the communities.

To test our hypothesis we need graphs with known com-
munity structure. To this end, we use the Karate Club and
Amazon Books datasets. For the Karate Club dataset it
is well known [4] that there were two fractions within the
members of the club, centered around the two trainers, that
eventually led to the breakup of the club. For the Amazon
Books dataset the communities are given by the political
viewpoint of the books.

Table 5: Precision and Recall for strong and weak
edges for Greedy and MaximalMatching algorithms.

Greedy
PS RS PW RW

Karate Club 1 0.37 0.19 1
Amazon Books 0.81 0.25 0.15 0.69

MaximalMatching
PS RS PW RW

Karate Club 1 0.2 0.16 1
Amazon Books 0.73 0.14 0.14 0.73

Table 5 shows the results for the two datasets for the
Greedy and MaximalMatching algorithms. The two algo-

rithms behave similarly, but the Greedy algorithm performs
better overall in terms of both precision and recall. We now
study the labeling of the Greedy algorithm in more detail.

For the Karate Club dataset we observe that we have per-
fect precision for the strong edges, and perfect recall for the
weak edges. We visualize the results of the Greedy algorithm
in Figure 1. The nodes are colored white and gray depend-
ing on the community to which they belong. The thick red
edges correspond to the edges labeled strong, and the thin
blue edges to the edges labeled weak. We can see that strong
edges appear only between nodes of the same group, while
all edges that cross communities are labeled weak.

Figure 1: Karate Club graph. Blue light edges rep-
resent the weak edges, while red thick edges repre-
sent the strong edges.

For the Amazon Books dataset the Greedy algorithm char-
acterizes 114 edges as strong, out of which 92 connect books
of the same type, thus yielding precision PS = 0.81. On
the other hand, there are 70 edges that connect nodes from
different groups, and 48 of those are labeled weak, yielding
recall RW = 0.69. Of the remaining 22 edges that cross
communities and are labeled strong, 20 are edges with one
of the two endpoints being a book labeled as neutral. It
is intuitive that people would co-purchase books of neutral
viewpoint with liberal or conservative books, thus leading to
strong connections. There are only two edges that connect
a liberal and a conservative pair of books, and are labeled
strong by our algorithm. These pairs are: (“America Un-
bound”, “Rise of the Vulcans”), and (“The Choice”, “Rise of
the Vulcans”). After some investigation, we found out that,
for the first pair, although the books “America Unbound”
and “Rise of the Vulcans” belong to different categories (lib-
eral and conservative respectively), they are both about the
exact same issue: George W. Bush’s foreign policy. There-
fore, there is a different latent dimension that groups them
together, which can explain the strong relationship between
them.

7.5 STC with added edges
In this section we conduct experiments for the minSTC+

problem, where except for labeling edges as strong or weak,
we can also add edges to the graph. To this end we use the
greedy algorithm we described in Section 6. The algorithm
works iteratively. At each step of the algorithm a pair of
nodes (u, v) is selected which covers the most remaining open
triangles. This pair is either an edge not currently in the
graph, which, when added, closes the most remaining open
triangles, or an existing edge, which, when labeled weak,

Sintos and Tsaparas apply their algorithm to the karate club network.

Note that all the strong links are within one of the two “computed
communities”; that is, links between the communities are all weak
links.
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Chapter 4: The context of network formation

In this chapter, we study social networks within their context,
considering factors outside of the nodes and edges of the network
that impact how the network structure evolves.

The chapter introduces a very important (and often controversial)
issue, namely the relative roles of selection (similarity) vs influence in
social relations.

As we have already noted, Easley and Kleinberg have already
indicated that there is a limit to what one can understand just in
terms of the network structure.
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Word of caution repeated

Easley and Kleinberg (end of Section 3.3):

Given the size and complexity of the (who call whom) network,
we cannot simply look at the structure. . . Indirect measures must
generally be used and, because one knows relatively little about
the meaning or significance of any particular node or edge, it
remains an ongoing research challenge to draw richer and more
detailed conclusions. . .

We should also add that we may know very little about the reasons for the
formation (or disappeaance) of an edge.

Yogi Berra(1925-2015):

In theory there is no difference between theory and practice. In
practice there is.
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Homophily

Homophily: we tend to be similar to our friends.

This observation is captured in various writings and proverbs perhaps
most notably by “Birds of a feather flock together” suggesting that
friendships (and membership in groups) are selectively formed due to
similar interests.

In contrast we also have “opposites attract” but the quote might
better be “opposites attract but the like-minded last”.

Why triadic closure? In Chapter 3: some network “intrinsic” reasons
(opportunity, trust, incentive) for forming a freindship and now we
consider “contextual” reasons for homophily.
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Characteristic factors

Factors which help determine our friendships and relations can be
immutable or more transient.

Some (essentially) immutable factors: race, birth date, gender;
religion, height. What other such (mainly permanent) factors exist?

Some more mutable (often related) factors: membership in clubs or
courses, educational level, recreational interests, professional interests
and career, income level, residential neighbourhood

Of course, immutable factors can and do influence mutable factors.
Furthermore, one’s friendships can and do influence mutable factors
such as say recreational interests.

14 / 23



Characteristic factors

Factors which help determine our friendships and relations can be
immutable or more transient.

Some (essentially) immutable factors: race, birth date, gender;
religion, height. What other such (mainly permanent) factors exist?

Some more mutable (often related) factors: membership in clubs or
courses, educational level, recreational interests, professional interests
and career, income level, residential neighbourhood

Of course, immutable factors can and do influence mutable factors.
Furthermore, one’s friendships can and do influence mutable factors
such as say recreational interests.

14 / 23



Characteristic factors

Factors which help determine our friendships and relations can be
immutable or more transient.

Some (essentially) immutable factors: race, birth date, gender;
religion, height. What other such (mainly permanent) factors exist?

Some more mutable (often related) factors: membership in clubs or
courses, educational level, recreational interests, professional interests
and career, income level, residential neighbourhood

Of course, immutable factors can and do influence mutable factors.
Furthermore, one’s friendships can and do influence mutable factors
such as say recreational interests.

14 / 23



The influence vs selection issue

So the selection vs influence issue can be seen as the relative extent
to which our friendships are formed selectively due to similarity vs
friendships influencing our interests and other similarity traits.

Homophily (which we will use just to note the correlation between
friendships and similarity) can be more easily attributed (directly or
indirectly) to similarity leading to friendships when similarity factors
are immutable or not easily changeable. The issue becomes much less
clear and sometimes quite controversial when the similarity factors are
mutable.

And to further complicate matters, the “environment” of various
(perhaps unobserved) external events or hidden influences can also
impact one’s friendships and/or interests and affiliations.

For example, Alice and Bob are not friends nor have any interest in
political issues. Then a popular entertainer is performing in a rally for
a political candidate. Alice and Bob meet at the event and become
friends as well as becoming more politically involved.
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Graphic visualization of homophily
4.1. HOMOPHILY 87

Figure 4.1: Homophily can produce a division of a social network into densely-connected, homogeneous

parts that are weakly connected to each other. In this social network from a town’s middle school and

high school, two such divisions in the network are apparent: one based on race (with students of different

races drawn as differently colored circles), and the other based on friendships in the middle and high schools

respectively [304].

hypothesizing intrinsic mechanisms: when individuals B and C have a common friend A,

then there are increased opportunities and sources of trust on which to base their interactions,

and A will also have incentives to facilitate their friendship. However, social contexts also

provide natural bases for triadic closure: since we know that A-B and A-C friendships

already exist, the principle of homophily suggests that B and C are each likely to be similar

to A in a number of dimensions, and hence quite possibly similar to each other as well. As

a result, based purely on this similarity, there is an elevated chance that a B-C friendship

will form; and this is true even if neither of them is aware that the other one knows A.

The point isn’t that any one basis for triadic closure is the “correct” one. Rather, as we

take into account more and more of the factors that drive the formation of links in a social

[Fig. 4.1, textbook]

Homophily can divide a social network into densely-connected,
homogeneous parts that are weakly connected to each other.
In this social network from a town’s middle school and high school,
two divisions are apparent: one based on race (students of different
races drawn as differently-colored circles), and the other based on
friendships in the middle and high schools.
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Comments on figure 4.14.1. HOMOPHILY 87

Figure 4.1: Homophily can produce a division of a social network into densely-connected, homogeneous

parts that are weakly connected to each other. In this social network from a town’s middle school and

high school, two such divisions in the network are apparent: one based on race (with students of different

races drawn as differently colored circles), and the other based on friendships in the middle and high schools

respectively [304].

hypothesizing intrinsic mechanisms: when individuals B and C have a common friend A,

then there are increased opportunities and sources of trust on which to base their interactions,

and A will also have incentives to facilitate their friendship. However, social contexts also

provide natural bases for triadic closure: since we know that A-B and A-C friendships

already exist, the principle of homophily suggests that B and C are each likely to be similar

to A in a number of dimensions, and hence quite possibly similar to each other as well. As

a result, based purely on this similarity, there is an elevated chance that a B-C friendship

will form; and this is true even if neither of them is aware that the other one knows A.

The point isn’t that any one basis for triadic closure is the “correct” one. Rather, as we

take into account more and more of the factors that drive the formation of links in a social

[Fig. 4.1, textbook]

Such a visualization is not at a scale that one can see most of the
individual relations. The visualization clearly shows homophily based
on race and the junior/senior high split (both immutable factors).
We can measure the extent of homophily (as we will next see) but
observing any such phenomena (even for immutable factors) is just
the starting point in truly understanding the phenomena.
The figure does show some detailed information; i.e. individuals
without any friends (isolated nodes) or with few friends (low degree).
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Measuring homophily

As mentioned before, when networks are large (and/or when
homophily is less dramatic) it is difficult if not impossible to visualize
various aspects of a network and so one needs a measure of
homophily (whatever the cause or the consequence of the network).

Suppose we wish to study the likelihood of friendships according to
some factor (with say two values) such as gender.

Think Big!: Lets think in terms of large social networks where the
presense or absense of a given individual will not have any noticeable
impact on the probability of any phenomena.
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Thought experiment
What would it mean to say that a social network does or does not
exhibit homophily according to some factor such as gender?

Consider a given network where the fraction (i.e. probability) of males
is p and the fraction of females is q.

I Consider a given edge (u, v) in the network.
I If gender has no correlation with relations, then the probability that the

genders of u and v are different is 2pq. Why?

This leads to a homophily test: If the actual fraction of cross-gender
edges is “significantly less than” 2pq then there is evidence for
homophily.
What would this say about same gender (male-male) or
(female-female) edges?

Clearly the meaning of an edge is an essential aspect of any study; e.g.
consider the difference between an edge representing collaboration in
a course project vs an edge meaning a romantic relationship.
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Reviewing selection vs social influence
With immutable factors (such as race and gender), when we observe
evidence of homophily, we often attribute increased friendships to
selection, which is the tendency to form friendships with others who
are like you in some way(s). (But note that race often correlates with
neighbourhoods or academic programs.)

But when considering more mutable factors, there is a feedback
between similar characteristics and social links.

I To what extent does behaviour get modified by our social network?
I That is, to what extent is social influence determining interests and

behaviour?

Of course, both selection and social influence can be interacting in the
same social network. How does one understand the relative interplay?

Longitudinal studies may make it possible to see the behavioral changes
that occur after changes in an individuals network connections, as opposed
to the changes to the network that occur after an individual changes his or
her behavior.

20 / 23



Reviewing selection vs social influence
With immutable factors (such as race and gender), when we observe
evidence of homophily, we often attribute increased friendships to
selection, which is the tendency to form friendships with others who
are like you in some way(s). (But note that race often correlates with
neighbourhoods or academic programs.)

But when considering more mutable factors, there is a feedback
between similar characteristics and social links.

I To what extent does behaviour get modified by our social network?
I That is, to what extent is social influence determining interests and

behaviour?

Of course, both selection and social influence can be interacting in the
same social network. How does one understand the relative interplay?

Longitudinal studies may make it possible to see the behavioral changes
that occur after changes in an individuals network connections, as opposed
to the changes to the network that occur after an individual changes his or
her behavior.

20 / 23



Reviewing selection vs social influence
With immutable factors (such as race and gender), when we observe
evidence of homophily, we often attribute increased friendships to
selection, which is the tendency to form friendships with others who
are like you in some way(s). (But note that race often correlates with
neighbourhoods or academic programs.)

But when considering more mutable factors, there is a feedback
between similar characteristics and social links.

I To what extent does behaviour get modified by our social network?
I That is, to what extent is social influence determining interests and

behaviour?

Of course, both selection and social influence can be interacting in the
same social network. How does one understand the relative interplay?

Longitudinal studies may make it possible to see the behavioral changes
that occur after changes in an individuals network connections, as opposed
to the changes to the network that occur after an individual changes his or
her behavior. 20 / 23



Two interesting longitudinal studies
In academic success (or drug usage) in teenage friendship networks,
Cohen (1977) and Kandel (1978) claim that peer pressure (i.e. social
influence) is less a factor here than previously believed. We can
speculate (without having read the studies) that similar (for example)
family environments is a significant determining factor for such
behaviour amongst friends.

In contrast to the above example, in a controversial report on obesity
patterns of 32,000 people observed over a 32 year period, Christakis
and Fowler (2007) claim: obesity or keeping fit is (perhaps
surprisingly) to some extent a contagious disease spread within a
social network. “You dont necessarily catch it from your friends the
way you catch the flu, but it nonetheless can spread through the
underlying social network via the mechanism of social influence.”
(Later in the course we will discuss models for the spread of influence
in a network.)
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Why the obsesity homophily?

Three possibilities identified by Christakis and Fowler:

1 selection
2 homophily being driven by other factors that correlate with obesity

(e.g. poverty)
3 the social influence of peer pressure say as in the case of drug use or

academic performance or fitness.

Christakis and Fowler conclude that even accounting for 1 and 2 ,
social influence is a significant factor.
Aside: I am not sure as to the extent that they consider the relative
role of genetics vs diet.

Once again, we caution that observing homophily is clearly only a
starting point.
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Why do we care?

How do we study the relative interplay (selection vs. social influence)
and why do we want to answer this chicken vs. egg type question?

If indeed social influence is a significant factor, then targeting key
individuals and trying to modify undesirable behaviour (or promote
positive behaviour) can be effective since we are then viewing such
behaviour as a process of influence spread.

If not, focusing on a few individuals will at best change the behaviour
of a few individuals.
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