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Social Networks: structures whose nodes represent people or
other entities embedded in a social context, and whose edges

represent interaction, collaboration, or influence between entities
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W\’\] HS & hawd  Problam
I
For our social network G(V, E), there are VXV - E
possible edges to choose from, if we were picking a

random edge to predict for our existing social network.

If G 1s dense, then E = V2 - b where b 1s some constant
between 1 and V. Thus, we have a constant number of

edges to choose from, and O(1/c) probability of choosing

correctly at random.

If G is sparse, then E = V. Thus, we have a V2 edges to

choose from, and O(1/ V2) probability of choosing correctly

at random. Unfortunately social networks are sparse, so

picking at random is a terrible idea!
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In the DBLP dataset, in the year 2000, the ratio of actual

od

and possible link is as low as 2 X 1072. So, in a uniformly

sampled dataset with one million training instances,\sz//\

can expect only 20 positive instances.

Even worse, the ratio between the number of positive
links and the number of possible links also slowly

decreases over time, since the negative links grow

quadratically whereas positive links grow@nearly

with a new node. >
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Algorithm 1 Basic Ezperiment for Testing Heuristics

Input: Observed network G(V’, E’)
1: G"(V',E") = G(V', E') - random edges
2: Score some or all of V’? — E” edges using a heuristic method
3: E,ew = pick k top ranked edges
4: Evaluate prediction method: effectiveness= |Epe, N (E' — E”)|
Output: Effectiveness of the heuristic used







Scare (A,E>-’- -2 /
SC""-(A, D)= -5
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Friends-measure: YWhen looking at two vertices in a social network, we can assume that the
more connections their neighborhoods have with each other, the higher the chances are that
the two vertices are connected. We accept the logic of this statement and define the Friends-
measure as the number of connections between v and v neighborhoods. The formal definitions
of Friends-measure is: Let be G = (V, E) and u,v € V.

Friends — measure(u,v) = Y > §(z,y) (14)
zel'(u) yel'(v)

where we define the function §(z,y) as:

_J1 ifz=yor(z,y)€Eor(y,x) €EFE
8(z,y) = { 0 otherwise

One can notice that in undirected networks, the Friends-measure is a private case of the Katz-
measure where 8 =1, ljuin = 2, and lpez = 3. —

: Let be V = [Igec Luec: u, where C'is the set of all disjoint communities
oy the Louvain method [4]. We say that u,v € V' are in the same community if
3C‘ € C where u,v € C*. The formal definition of same-community feature is:

1 if 3C‘ € C where u,v € C"

same-community(u,v) = { D ctharsin (16)

In case u and v were chosen at random, the Same-community feature can be used as an easy-
to-compute rule of thumb for predicting existence of link between u and v'?.



random predictor
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common-neighbors predictor
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B 5
o i o B B
e g 7 B, &,
predictor @ 3 £ & 3
probability that a random prediction is correct | 0.475% | 0.147% | 0.341% | 0.207% | 0.153%
graph distance (all distance-two pairs) 9.6 25.3 21.4 12.2 29.2
common neighbors 18.0 41.1 27.2 27.0 47.2
preferential attachment 4.7 6.1 7.6 15.2 7.5
Adamic/Adar 16.8 54.8 30.1 33.8 50.5
Jaccard 16.4 | 42.3| 199 27.7| 41.7
SimRank v=038 14.6 39.3 22.8 26.1 41.7
hitting time 6.5 23.8 25.0 3.8 134
hitting time, stationary-distribution normed 5.3 23.8 11.0 11.3 21.3
commute time 5.2 15.5 33.1 17.1 23.4
commute time, stationary-distribution normed 5.3 16.1 11.0 11.3 16.3
rooted PageRank a=0.01 10.8 28.0 33.1 18.7 29.2
a=0.05 13.8 39.9 35.3 24.6 41.8
a=0.15 16.6 41.1 27.2 27.6 42.6
a=0.30 17.1 42.3 25.0 29.9 46.8
a = 0.50 16.8| 41.1 28| 80.7| 468
Katz (weighted) B =0.05 3.0 214 19.9 24 12.9
B = 0.005 13.4 54.8 30.1 24.0 52.2
B = 0.0005 14.5 54.2 30.1 32.6 51.8
Katz (unweighted) B =0.05 10.9 41.7 37.5 18.7 48.0
B = 0.005 16.8 41.7 37.5 24.2 49.7
B =0.0005 16.8 41.7 37.5 24.9 49.7

Figure 3-3: Performance of the basic predictors on the link-prediction task defined in Section 3.2.
See Sections 3.3.1, 3.3.2, and 3.3.3 for definitions of these predictors. For each predictor and each
arXiv section, the displayed number specifies the factor improvement over random prediction. Two
predictors in particular are used as baselines for comparison: graph distance and common neighbors.
Italicized entries have performance at least as good as the graph-distance predictor; bold entries
are at least as good as the common-neighbors predictor. See also Figure 3-4.
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