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Abstract

This paper proposes a solution to the prob-
lem of link prediction in labeled graphs with
additional text information associated with
the nodes. By fitting a topic model on the
text corpus and some processing, we compute
the topics of interest to a node. We propose a
walk based graph kernel which incorporates
the node’s interest and thus represents struc-
tural as well as textual information. We then
make predictions about the existence of un-
seen links using a kernelized SVM. Our ex-
periments with an author citation network
shows that our method is effective and sig-
nificantly outperforms a network-oriented ap-
proach.

1. Introduction

Link prediction is the problem of predicting future
links within some graph structure (e.g. a social net-
work or a citation network) given some snapshot of this
graph at a preceding moment. Many approaches to the
problem consider only the structural features intrin-
sic to the network itself (Liben-Nowell & Kleinberg,
2007), such as friendship links or citation links, and
ignore the properties of the nodes themselves which
could be social agents or scientific articles. Alterna-
tive approaches to link prediction incorporate intrinsic
properties of nodes to both improve prediction perfor-
mance and provide greater insight into the network.
The node properties provide an alternative view into
the network that complements approaches that subsist
solely on the edges.
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In this paper, we propose a graph kernel which we call
the topical graph kernel to solve the task of link pre-
diction in labeled graphs with additional text informa-
tion associated with the nodes. Our kernel subsumes
the idea of walk-based kernels (Li & Chen, 2009), and
enriches them with textual data from nodes by using
a topic model to represent node interest. We then
make predictions about the existence of unseen links
using a kernelized SVM. Our experiments on a citation
graph of authors of scientific papers shows that our
method significantly outperforms a network-oriented
approach.

2. Related Work

The link prediction problem has been addressed by
several researchers. There are node neighborhood
based methods which work under the assumption that
two nodes are likely to form link if their sets of neigh-
bors have a large overlap. These techniques employ
common neighbors (Newman, 2001; Kossinets, 2006),
Adamic-Adar Index (Adamic & Adar, 2003), prefer-
ential attachment (Newman, 2001), etc. to measure
neighborhood similarity. There are other ensemble-of-
all-paths based approaches which refine the notion of
shortest path distance by considering an ensemble of
all paths (Katz, 1953; Jeh & Widom, 2002).

Recently there have been attempts to enhance text
models with information from graphs. Mei et al.
(2008) address the problem of learning topic models
on labeled graphs. They propose to regularize a topic
model with a regularizer based on the graph struc-
ture. However, their approach does not directly apply
to link prediction. Nallapati et al. (2008) and Chang &
Blei (2010) propose solutions to the citation prediction
problem using topic models to model the parameters
which determine if a given paper would cite another
given document. However their method is limited to
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Figure 1. AIG construction and random walks generation
for a given link

modeling existence of individual links and does not in-
corporate the graphical topology of the neighborhood.

Our approach is most closely related to that proposed
by Li & Chen (2009) which uses graph kernels to pre-
dict links in recommendation systems. They experi-
ment with a bipartite graph of users and items and a
link exists between a user-item pair if the user buys
the item. For making predictions, they compare the
neighborhood of a given user-item pair with other pairs
using a graph kernel. Their method is solely depen-
dent on graph structure and doesn’t utilize any textual
information about nodes.

3. Methodology

This paper proposes a method to predict unseen links
in a labeled graph. In the context of the author cita-
tion graphs, the nodes represent authors and there is
a link between two nodes whenever one of them cites
the other. In social networks, a link can represent the
‘follower’ or ‘friend’ relation between two people. Each
node has text documents associated with it in the form
of papers authored or blogs or tweets posted.

We model this problem as a learning task where we
use a kernerlized classifier (an SVM) to learn from his-
torical data and make predictions about future links.
Our graph kernel, the topical graph kernel, compares
two links by quantifying the topological similarity and
node interests. Node interests are modeled using top-
ics learnt from a topic model (Blei et al., 2003) on the
text documents. The rest of this section describes this
approach in detail.

3.1. AIG Construction

This is the first step of the approach. Computation of
the graph kernel is based on a comparison of the sub-
graph centered on the link of interest X − Y where X
and Y are nodes incident to the link. For this purpose,
Li & Chen define an AIG to be an induced sub-graph
consisting of the two nodes X and Y and neighbors
of these nodes accessible within n hops from either
node. The AIG also contains all the links between

these neighboring nodes. The link which the AIG cen-
ters on is the focal link and the two nodes which are
incident to this link are focal nodes. While training,
since the truth is known, the focal link X − Y will
actually exist whereas during testing, one will have to
construct the AIG assuming that the focal link exists.
In the testing phase the classifier predicts how prob-
able it is for this hypothetical focal link to exist. An
example of an AIG induced from a bigger graph is
shown in Part (ii) of Figure 1.

3.2. Graph Kernel Computation

This is the second step of the approach which quanti-
fies the similarity between two focal links by comput-
ing the graph kernel of their respective AIGs.

Given an AIG of a focal link X − Y the preliminary
step is to decompose the AIG into random walks. Only
those random walks are significant which include both
the focal nodes X and Y . An example of generating
random walks is shown in Part (iii) of Figure 1.

Once both the AIGs have been decomposed into sets
of random walks, the graph kernel, K(AIGi, AIGj),
can be computed as:

K(AIGi, AIGj) =

∑

hi∈AIGi

∑

hj∈AIGj
Kh(hi, hj)

(Ni +Nj)/2

where
hi = random walk from the AIGi

hj = random walk from the AIGj

Ni = Number of random walks from AIGi

Nj = Number of random walks from AIGj

Kh(hi, hj) = Random walk Kernel representing the similar-
ity between two random walks hi and hj

Given two random walks hi and hj related to focal
linksXhi−Y hi andXhj−Y hj respectively, the random
walk kernel Kh(hi, hj) is defined as:
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where the random walks hi and hj are aligned as
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and
Kl = Kernel defining similarity between two two links
Kn = Kernel defining similarity between two nodes
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For our task, the link kernel Kl for all link pairs is
simply taken as 1. On the other hand, the node kernel
Kn could be defined in several ways given the com-
plexity of associated text. We first define our baseline
node kernel which does not incorporate textual con-
tent. We then propose our alternative—the labeled
graph kernel—based on topic models which allows us
to incorporate textual content associated with individ-
ual nodes in the node kernels.

Baseline Method Li & Chen assumes that non-
equal nodes share the same similarity value. On this
assumption a binary node kernel is defined below as-
suming that a non-focal node is similar only to itself.
Focal nodes are, however, similar to all nodes of the
graph to allow predictions about new nodes.

Kn(ni, nj) =











1 if ni = nj

1 if ni or nj is a focal node

0 otherwise

The intuition for the definition goes as follows: sup-
pose a−X − Y − b is a random walk. We could learn
from this walk that if X links to a and Y links to b,
then X links to Y . To make prediction about a new
link (X ′−Y ′) with a random walk as a−X ′−Y ′−b, we
could say that the link X ′ − Y ′ has a high probability
of existence based on our recent learning.

Topical graph kernel (TGK) The above node ker-
nel makes predictions based only on the structural
cues. We propose to extend the node kernel to include
a node’s interests in various topics across the corpus.

We learn a topic model (Blei et al., 2003) over the com-
plete text corpus. A topic model is a generative mix-
ture model of latent variables (called “topics”) over a
corpus where each document is represented as a sparse
mixture of K topics. It is a way of reducing complex
text to a smaller topical space to facilitate exploration
or manipulation of large corpora. The model param-
eters are learned by fitting the model to the observed
data. Letting P (k|d) the probability of topic k in doc-
ument d, the interest of node n in k is computed as:

P (k|n) =
∑

d

P (k|d)P (d|n)

For simplicity, we assume that all the documents as-
sociated with a node/author are equally probable and
so P (d|n) is one divided by the number documents n
has authored. We then represent a node as a K di-
mensional vector of interests in each of these topics:

~n = 〈P (k1|n), P (k2|n), P (k3|n) . . . P (kK |n)〉

Finally, the node kernel is defined as:

Kn(ni, nj) =
~ni · ~nj

‖~ni‖‖~nj‖

All of these kernels meet the semi-positive definiteness
property (Li & Chen, 2009). The Kn and Kl satisfy
this condition and since the kernel of a random walk
is a product of these kernels, it is a well formed kernel.

3.3. Model Training and Prediction

The graph kernel described above can be used to com-
pute kernel values between all pairs of links present in
the training data. A kernelized learning algorithm can
then be trained on this data. Since we train on only
positive examples of links present, we use a one-class
SVM for training.

At test time, given a test focal link, it is assumed that
the link exists and the AIG is constructed and decom-
posed into random walks. The trained SVM is then
used on this test link to predict its existence.

4. Empirical Evaluation

4.1. Dataset

For our experiments, we use an author citation graph
built from the ACL anthology data (Radev et al.,
2009). Each node of the graph is an author and there
exists a link between author i and author j if i ever
cited j in at least one paper. We pruned the graph to
exclude authors who published less than 5 papers.

The training graph consists of citation information
from papers published between 2006 to 2010 and con-
tained about 136000 links. The test graph consists of
author citation links based on publications from 2011.
It contains about 26000 links.

4.2. Experiments and Results

The computational overhead of computing the graph
kernel can get prohibitive for real-life graphs. In our
experiments, training was performed only on a random
sample of L links randomly chosen from the training
set. However, in order to incorporate information from
the whole graph, AIGs for the training links were built
using the complete graph.

Our approach was tested on two separate test sets of
size 200 each: Test Set1 and Test Set2, each contain-
ing both positive and negative links. A positive link is
one that is randomly sampled from the set of links in
the test graph whereas a negative link is a link which
doesn’t appear in the complete time period of 2006-
2011. For a fair evaluation we ensure that the model
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5-fold CV F-measure
Method on train Test Test
Name set Set1 Set2

Baseline 30.66% 66.40% 60.49%
TGK 42.92% 76.70% 74.34%

Table 1. Comparison of TGK with the baseline (Li & Chen,
2009) (L = 500 and K = 500)

is not tested on links that were seen during training.
Also, in order to test the sensitivity of the model to-
wards skewness of the test sets, ratio of positive to
negative links in the two test sets, Test Set1 and Test
Set2, was kept different: 3:1 and 1:1 respectively.

Table 1 compares the topical graph kernel (TGK) with
the baseline using F-measure of the positive links. It
shows that TGK significantly outperforms the base-
line method during 5 fold cross validation on the train
set and on the two test sets. Also, the model’s per-
formance on the two sets was comparable, indicating
robustness of the model towards class bias at test time.

We also study the effect of training set size L and num-
ber of topics K on the performance of TGK on one of
the test sets. Part (a) of Figure 2 shows a learning
curve of the F-measure as the size of the training set
is increased. While both methods benefit from an in-
crease in train set size, we see that TGK constantly
outperforms the baseline method. Also, for the small-
est training set of size 100, the baseline method yields
an F-measure of around 20% while the proposed ap-
proach still leads to reasonable accuracy (about 53%).
Similarly, part (b) of Figure 2 shows that the perfor-
mance of TGK increases with increase in number of
topics. This happens because a higher K strength-
ens the representative power of the node vector and is
better at modeling node interests.

5. Conclusion

In this paper we have presented the topical graph ker-
nel to predict links in rich labeled graphs using a graph
kernel. The kernel, based on random walks to capture
structural cues, was enhanced using node similarity as
computed from the text documents associated with the
nodes. For computing similarity, an LDA model was
used to compute a node’s interests in various topics
and nodes were compared using cosine similarity. Our
experiments with an author citation network demon-
strated the usefulness of the enriched kernel.

With the availability of rich labeled graphs such as so-
cial networks, approaches which work for multi-faceted
data are increasingly desirable. Another characteris-
tic of such networks is their continuously evolving na-
ture. Future work could focus on improving the kernel

Figure 2. Performance of model with increasing train set
size and number of topics

to incorporate the dynamic nature of such graphs by
modeling the age or dynamics of individual links.
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