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ABSTRACT

In this paper, we design recommender systems for weblogs
based on the link structure among them. We propose algo-
rithms based on refined random walks and spectral meth-
ods. First, we observe the use of the personalized page rank
vector to capture the relevance among nodes in a social net-
work. We apply the local partitioning algorithms based on
refined random walks to approximate the personalized page
rank vector, and extend these ideas from undirected graphs
to directed graphs. Moreover, inspired by ideas from spec-
tral clustering, we design a similarity metric among nodes of
a social network using the eigenvalues and eigenvectors of a
normalized adjacency matrix of the social network graph. In
order to evaluate these algorithms, we crawled a set of we-
blogs and construct a weblog graph. We expect that these
algorithms based on the link structure perform very well for
weblogs, since the average degree of nodes in the weblog
graph is large. Finally, we compare the performance of our
algorithms on this data set. In particular, the acceptable
performance of our algorithms on this data set justifies the
use of a link-based recommender system for social networks
with large average degree.
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Recommender systems use the opinions of a community of
users to help individuals in that community more effectively
identify content of interest from a gigantic set of choices [3].
In social networks, recommender systems can be defined us-
ing the link structure among nodes of the network. This
method is particularly useful for social networks with large
average degree. One of the main social networks with high
average degree is the network of weblogs.

The rapid development of blogging is one of the most in-
teresting phenomena in the evolution of the web over the
last few years. As of December 2006, the web contains over
37 million weblogs, with roughly 40,000 new weblogs and
750,000 new posts created daily[l]. These weblogs span a
wide range, from personal journals read mainly by friends,
to very popular weblogs visited by millions of readers. All
together, these weblogs form a distinct, human-generated
subset of the web (blogspace) which is increasingly valuable
as a source of information. A comprehensive understanding
of weblogs and blogspace is likely to prove critical, and may
also offer useful insights into such development as the behav-
ior of social networks or information diffusion. On the other
hand, the increasing amount of choices available on the Web
has made it increasingly difficult to find what one is looking
for. Three methods are commonly applied to help web users
in locating their desired items: search engines, taxonomies
and, more recently, recommender systems [2].

The problem we are addressing in this paper is to design
an algorithm to recommend weblog users what other weblogs
they may enjoy reading. To do so, we assume that each
user has a set of favorite weblogs and we want to identify a
set of similar weblogs to the favorite weblogs. The weblog
recommender systems discussed in this paper can be applied
to any social network in which the relevance and relations
among nodes of the network are captured by links among
nodes of a graph. In particular, these link-based methods
are useful for social networks with high average degree.

1.1 Our Contribution

In this paper, we design, implement, and compare algo-
rithms for recommender systems for social networks based
on their link structure, and evaluate our algorithms on a
data set of weblogs. We first crawl a set of weblogs, and con-
structed the link structure among them as a weblog graph.
We use ideas from spectral clustering algorithms [8] and a
variant of local clustering algorithm based on refined ran-
dom walks [14] and personalized PageRank algorithms [4]
for our recommender system. In particular,



e We extend the truncated random walk algorithm to
approximate the personalized PageRank vector [14, 4]
from undirected graphs to directed graphs. To avoid
accumulating probabilities on sinks in directed graphs,
we design a non-uniform random walk as follows: we
find strongly connected components of the directed we-
blog graph, and change the restarting probability of
the random walk based on the position of each node
in the structure of the strongly connected component
decomposition. This will result in a non-uniform ran-
dom walk for directed graphs that gives better results
compared to performing a uniform random walk on the
directed graph. The details of this algorithm can be
found in Section 3.1.

e We define a spectral algorithm in which we calculate
a similarity metric among nodes of the weblog graph
based on the eigenvalues and eigenvectors of a normal-
ized adjacency matrix of the weblog graph. For a set
of favorite weblogs, this algorithm outputs the closest
nodes to the favorite weblogs according to the similar-
ity metric. The details of this similarity metric can be
found in Section 4.

e We analyze the structure of the weblog graph for its
average degree, and for its connected and strongly con-
nected components. We then implement and evaluate
the following four algorithms: a spectral algorithm ap-
plied to two candidate sets from the directed and undi-
rected graph, and a truncated random walk algorithm
to approximate the personalized PageRank vector on
directed and undirected graphs. We compare these al-
gorithms in terms of their precision and recall and their
running time and conclude the paper by some insights
from our comparison. In particular, our experimental
results justify a link-based recommender system for
weblogs and other social networks with high average
degree. Our experimental results can be found in Sec-
tion 5.

1.2 Redated Work

Recommender systems have been extensively studied re-
cently [2, 3, 11]. Recommender systems are closely related
to clustering algorithms. Different clustering algorithms for
large data sets have been proposed. In this paper, we use
ideas from spectral clustering, and clustering based on ran-
dom walks. A good survey of spectral clustering can be
found in a recent paper by Verma and Meila [7]. They have
studied several spectral algorithms in their paper and also
compared their performance. In particular, they have stud-
ied the algorithms by R. Kannan, S. Vempala, A. Vetta [9],
and an algorithm by J. Shi, J. Malik [8]. In the context
of clustering algorithms based on random walks, the paper
of Speilman and Teng [14] introduces a fast algorithm for
local partitioning based on refined random walks. Also, a
recent paper by Andersen, Chung and Lang [4] gives a local
partitioning algorithm using the personalized PageRank.

Recommender systems are also related to ranking algo-
rithms in that we need to rank the recommended items in
some order. In this paper, we use ideas from the PageRank
Algorithm that has been developed by Page, and Brin [5].
Another important variant of this algorithm is the person-
alized PageRank which was introduced by Haveliwala [15],

and has been used to provide personalized search ranking
and context-sensitive search.

2. PRELIMINARIES

In this section, we define the terms that are used through-
out the paper.

Weblog Graph: Nodes of the weblog graph are the set
of weblogs. There is a directed edge from node w to node w
if there exists a link from weblog w to weblog u. As a result,
the weblog graph is a directed graph. We also study the
undirected version of the weblog graph in which we make all
edges of the directed graph undirected. In other words, we
make the graph undirected by putting the backward edges
in the graph.

Cut in a graph: A cut (S,V(G) — S) of an undirected
graph G = (V, E) is the set of edges from S to V(G)— S [13].
For two sets A, B C V(G), Cut(A, B) denote the set of edges
from A to B.

Volume of set A : Let deg(v) to be the degree of node
v. Then, the volume of set A is denoted by Vol(4) =
Sveadeg(v).

Sparsity for two sets A, B C V(G) is defined as Sparsity(A, B) =

|ICut(4,B)] [7]
Vola)Vols) ' 1

Connected Component: A connected component of an
undirected graph is a maximal set of vertices such that for
any two vertices u and v in the set, there is a path from u
to v or from v to wu.

Strongly Connected Component: A strongly con-
nected component of a directed graph is a maximal set of
vertices such that for any two vertices v and v in the set,
there is a path from u to v and from v to u.

Random Walk: Given a graph and a starting point, we
select a neighbor of it at random, and move to this neighbor,
then we select a neighbor of this point at random and move
to it etc.. The (random) sequence of points selected this way
is a random walk on the graph [12].

Uniform Random Walk: A uniform random walk is
a random walk in which at each step we go to each neighbor
with the same probability [12].

Eigenvalue and Eigenvector: Let A be a linear trans-
formation represented by a matrix A. If there is a vector
X € R™ # 0 such that AX = AX for some scalar A, then
A is called the eigenvalue of A with corresponding (right)
eigenvector X.

2.1 Recommender Systems

We assume that each user has a set of favorite items. Fa-
vorite items are the items which are already bought, used or
chosen. The goal of a recommender system is to recommend
a set of items, similar to the set of favorite items.

Recommender systems for weblogs can be designed based
on the similarity among the content of the weblogs, the
link structure between different weblogs, and the comments
posed by the weblog owners. Here we briefly explain these
three approaches separately.

1. Content based recommender systems: Based on the
frequent words inside the posts and their titles, we can
come up with a set of subject features for each weblog.
Score of each feature in each weblog is determined by
the frequency of the words related to this feature. We
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Figure 1: Recommendation System Model

can view this scoring system of features for weblogs
as a ranking system and use this scoring to design a
content based recommender system. In order to im-
plement this recommender system we can use one of
the known algorithms either model-based or memory-
based algorithms. Many such algorithms are described
in [1].

2. Link-based recommender systems: We can build the
weblog graph assuming the weblogs as nodes and the
links between weblogs as edges of this graph. Clus-
tering this graph can help us reveal similarities among
weblogs and as a result, it can be used to design a rec-
ommender system. Note that the outgoing links from
weblogs can be transferred by users to find the similar
and related weblogs, but the main advantage of con-
structing the weblog graph is discovering the similar-
ities between the incoming links for different weblogs.
This idea can be used in combination with the content-
based recommender systems and improve its outcome.
We can use the known clustering algorithms such as
clustering based on random walks [14, 4], spectral clus-
tering [7], or any type of well-connected components to
reveal this information.

3. Comment-based recommender systems: Instead of con-
structing the weblog graph, only based on the links
between weblogs, we can build the graph based on the
posted comments inside the weblogs. The idea is to
put an edge from weblog A to weblog B, if the owner
of weblog A put a comment (or several comments) for
the posts of weblog B. We can then cluster this graph
which reveals the relation among weblogs.

3. LOCAL PARTITIONINGALGORITHMS
BASED ON RANDOM WALKS

In this section, we present a link-based recommender sys-
tem based on computing the personalized PageRank of fa-
vorite nodes using refined random walks in a social network.
In this algorithm, we consider an undirected, unweighted
graph G(V, E), where V is the vertex set, E is the edge set,
n is the number of vertices and deg(v) is the degree of vertex
v. The algorithm uses a restarting probability distribution
vector 7. For example, in the PageRank algorithm [5], the

distribution is uniform over all nodes. Also, for the person-
alized PageRank [4, 5], the vector is one at a single vertex
and zero elsewhere. Moreover, if we are given a set S of k
weblogs for which we want to find relevant weblogs, we can
set the restarting vector 7 as a vector with value % on the
k vertices corresponding to the set S of weblogs or the user
can distribute 1 over k favorite weblogs. Using this restart-
ing probability distribution, we claim that the weblogs that
have the largest PageRank values in the following algorithm
are more relevant to the weblogs in set S.

Given the restarting vector 7, we can run a PageRank
algorithm with this restarting probability distribution and
report the nodes with high PageRank as the output. The al-
gorithm also uses a restarting probability p = 0.15, which is
the probability that we restart the random walk from vector
7. In fact, we use a variant of random walk which is called
the lazy random walk. In this variant, at each vertex with
probability, ¢, we remain in the same vertex. Since we are
interested in the similarity to our favorite items, using lazy
random walks is more appropriate.

We construct the transition matrix A that corresponds
to the PageRank random walk with restarting probability p
and restarting vector 7. A[i, j] is in fact the probability that
we will move to vertex j in the graph given that we are in
vertex ¢, that is, for an edge (7, 7), we have:

i) = S =D i),

for ¢ = j,
Ali, j] = €+ pr(j),
and for a non-edge pair (3, j):
Ali, ) = pi),
First, we give a rough description of the algorithm. Given
the restarting vector 7, the restarting probability p, the lazi-

ness probability ¢, and the transition matrix A, the algo-
rithm is as follows:

1. ¥ = 7.(We start from vector 7.)
2. W = Av.
3. while (dist(w, %) > 0.0001) do

4. Sort weblogs in the non-increasing order of the value
¥(7) and output them in this order. If some of the
weblogs are already in the list of favorite weblogs or
their immediate neighbors, do not output them.

dist(w, ¥) in this algorithm is the £2 distance between @
and .

We would like to improve the running time of the above
algorithm to find the b most relevant nodes to a given set
S of k favorite nodes in the graph. In particular, we want
to design an algorithm whose running time depends on the
number b of relevant nodes in the output, and not the size of
the whole graph. In other words, we need to design a local
way of approximating the personalized PageRank vector of
a set of nodes. There are two ways to perform such a task:



Truncating Probability Vectors. The idea of truncat-
ing the probability vectors has been developed by Speil-
man and Teng [14] for local partitioning based on ran-
dom walks. In this algorithm, after each step of the
random walk, we change the entries of the probability
distribution vector that are less than a threshold to
zero, and then normalize the vector. A natural thresh-
old to use is @ = 5; where 0 < ¢ < 1. Given
the restarting vector 7, the number of weblogs that we
would like to recommend b, a threshold for pruning
the resulting vectors «, and a transition matrix A, the
algorithm is as follows:

1. ¥ =7 (i.e, we start from vector 7.)
2. W= Ad.
3. Let ¢ be the number of nodes with positive scores
in w.
4. while ((number of nodes with positive scores <
b+ q) and (dist(v,w) > 0.0001) do
(a) ¥=dl.
(b) @ = Av.
(c) for each i € V(G) do
i. if W] < o then @[i] = 0.

(d) normalize(w).

In our experiments, we implemented the above algo-
rithm. However, for the sake of completeness, we present
an alternative way to perform a locally fast random
walk.

Sequentially Pushing Probability from Nodes. Theidea

of this algorithm has been developed by Andersen,
Chung, and Lang [4] for approximating the person-
alized PageRank vector. The algorithm maintains two
vectors p'and ¢ that are initialized to 0 and the restart-
ing vector 7 respectively. The algorithm then applies
a series of push operations moving probability from ¢
to p. Each push operation takes the probability from
7 at a single vertex u, and moves an « fraction of this
probability to p(u), and distributes the 1 — « fraction
of g(u) within ¢ by applying one step of the lazy ran-
dom walk from u. The algorithm is summarized as the
following:

1. Let 7=0and §= 7.
2. While r(u) > edeg(u) for some node wu,

(a) Pick any vertex u where r(u) > edeg(u).
(b) Update p and g:
i, plu) = plu) + or(u).
ii. For each outgoing neighbor v of node u,

1—a)r(u
r(v) = r(v) + G,

i, r(u) = (1 — o)

5 -

n order to avoid infinite loop, we need to have a < %.

3.1 Random Walk on Directed Graphs

The local partitioning algorithms described in Section 3
are used for undirected graphs and can be applied to the
undirected version of the weblog graph. The original we-
blog graph is a directed graph. If we apply the ideas from
the aforementioned algorithms on directed graphs, one is-
sue is that if the directed graph has a sink, most of the
probability measure will go to the sink. In order to ap-
ply the ideas from those algorithms on directed graphs, we
need to find the strongly connected components(SCC) of the
directed graph, and change the restarting probability based
on the place of the nodes in strongly connected components.
In this algorithm, we consider a directed, unweighted graph
G(V,E), where V is the vertex set, E is the edge set, n is
the number of vertices, and outdeg(v) is the degree of ver-
tex v. Using a linear-time algorithm by Tarjan [6], we first
find the strongly connected components of this graph. For
a node v € V(G), let SCC(v) be the strongly connected
component containing the node v. We can also find con-
nected components of the undirected graph corresponding
to the directed graph. This can be found using a linear-time
breadth-first-search algorithm. For a node v € V(G), let
CC(v) be the connected component containing the node v.
It follows that SCC(v) C CC(v). For a subset S of nodes,
let SCC(S) = UyesSCC(v) and CC(S) = UpesCC(v).

Given a set of favorite nodes S, we partition all nodes into
five categories:

Category 1. Nodes in the SCC(S).

Category 2. Nodes that have a directed path to SSC(S).
Category 3. Nodes that have a directed path from SSC(S).
Category 4. All the other nodes in CC(S) — SCC(S).
Category 5. Nodes in V(G) — CC(S).

Let Categorys(i) be the set of nodes of category i is given
a set of favorite nodes S.

The idea for directed graphs is to change the restarting
probability p based on the category of a node for set S. As
discussed in Section 3, the set of favorite weblogs S is the
support of the restarting vector r. As a result, starting from
a set of favorite weblogs S, the probability of getting to any
node of category 5 in a random walk of Algorithm PPR is
zero. If we perform the random walk on a directed graph,
the probability of getting to any node of category 2 and 4
is also zero. Nodes of category 3 are sinks of the random
walk, since there is no path from them to SCC(S). To
decrease their rank in the , we set the restarting probability
of a node v € Category®(3) to a larger number, say p(v) =
0.5. For all the other nodes v € Category®(1), we set the
restarting probability to p(v) = 0.15. We also put more
probability mass on edges to the same strongly connected
component. Let w : V(G) — V(G) be a weight function
defined as follows: w(u,v) =0 if (u,v) € E(G). Otherwise,
we let w(u,v) = 1 if v € SCC(u) and w(u,v) = 0.3 if
v g SCC(v).

As a result, we construct the transition matrix A that cor-
responds to our non-uniform random walk with restarting
probability p and restarting vector 7. A, j] is the probabil-
ity that we will move to vertex j in the graph given that we



are in vertex 4, that is, for an edge (,7), we have:

Afig] = Lo POZ 0D ),

Zt:(iﬂ)GE(G)w(iyt)
for i = j,
Ali, j] = €+ p(i)7(5),
and for a non-edge pair (4, j):
Ali, j] = p(i)7(5)-
Given the above transition matrix, we can run the trun-
cated random walk algorithm discussed in Section 3 on

the directed graph to compute the approximate personal-
ized PageRank of the nodes.

4. A SPECTRAL METHOD

‘We use the intuition behind the spectral clustering to com-
pute a similarity metric for the purpose of our recommender
system. Recall that the sparsity for two sets A, B C V(G) is

defined as Sparsity(A, B) = %.

ing is to find cuts for which the sparsity is small. Spectral
clustering is suitable for clustering graphs in which the max-
imum sparsity is not large. Spectral clustering is considered
to be a hierarchical and global clustering. Hence, in order to
use spectral clustering for our system, we need to change the
current known algorithms for spectral clustering. The idea
is to use the eigenvectors of a normalized adjacency matrix
to evaluate the distance between nodes of a graph. In order
to recommend a set of weblogs relevant to a favorite weblog
w, we can output the weblogs that have small distance to
weblog w according to a similarity metric computed based
on the eigenvectors of the largest eigenvalues. Intuitively,
each eigenvector of a large eigenvalue represents one type
of clustering the data into two clusters. The importance of
an eigenvector is directly related to its corresponding eigen-
value, i.e., a larger eigenvalue indicates a better partitioning
of the graph.

There are several variants of the spectral clustering al-
gorithms in the literature. A good survey on this topic is
by Verma, and Meila [7]. They categorize spectral algo-
rithms into two major sets: (i) Recursive Spectral, in which,
we partition data into two sets according to a single eigen-
vector and by recursion we generate the specified number
of clusters, or (i) Multiway Spectral, in which, we use the
information hidden in multiple eigenvectors in order to di-
rectly partition data into the specified number of clusters.
In particular, our algorithm is based on the ideas for the re-
cursive spectral algorithm proposed by Semi and Malik [8],
Kannan, Vempala, and Vetta [9], and the multiway spectral
algorithm of Ng, Jordan, and Weiss [10].

Let A be the adjacency matrix of the weblog graph, and D
be a diagonal matrix such that D[i, ] = deg(i) for a node 1.
Given a favorite weblog w for which we want to find similar
weblogs, our algorithm is as follows:

A goal of cluster-

1. Calculate P = D7 'A

2. Let 1 = A1 > X2 > ... > X, be the eigenvalues of
P, compute v2,v>,...,v" which are the eigenvectors
corresponding to Az, Az, ..., As.

3. Find a set of weights ca,...,c: for each eigenvector.
¢; shows how valuable or important vector v® is for
clustering purposes. Intuitively, if A; < 0, ¢; =0, and
for \i > 0, ¢; = f(\:) where f(x) is an increasing
convex function, for example f(z) = z2, or f(z) = e®.

4. For any weblog j and any vector v, let the difference
di(j) = [v*(5) — v*(w)].

5. Sort the vertices in the non-decreasing order of the
value ¢; = > 5., cidi(j) and output the vertices in
this order. o

The vector g is the distance measure to node w. Considering
this distance measure for all nodes results in a similarity
metric over all pairs of nodes.

Since computing the eigenvalue and eigenvectors require
matrix multiplication, the running time of the above algo-
rithm is at least as bad as the matrix multiplication algo-
rithm 2.

However, we could approximate the eigenvalues and eigen-
vectors of the graph and use them to define the metric. In
our experiments, we improve the running time of this algo-
rithm by computing a candidate set of 1000 weblogs related
to our favorite weblog, and then use the spectral algorithm
to rank weblogs in the candidate set. In order to find this
candidate set, we could use the content information of we-
blogs or use some local partitioning algorithm that finds all
weblogs that are relevant to a particular weblog. In our
experiments, we compute the truncated random walk algo-
rithm that computes the approximate personalized PageR-
ank of each weblog with respect to the favorite weblog. As a
candidate set of weblogs, we output 1000 weblogs with high-
est approximate personalized PageRank with respect to the
favorite weblog. Then we can find the above metric based
on the eigenvalue and eigenvectors of the induced graph of
the candidate set to rank the nodes of this set.

5. EVALUATION

Evaluating recommender systems and their algorithms is
inherently difficult for several reasons. First, different algo-
rithms may be better or worse on different data sets. Many
collaborative filtering algorithms have been designed specif-
ically for data sets where there are many more users than
items. Such algorithms may be entirely inappropriate in a
domain where there are many more items than users. Sim-
ilar differences exist for ratings density, ratings scale, and
other properties of data sets. The second reason that eval-
uation is difficult is that the goals for which an evaluation
is performed may differ. Finally, there is a significant chal-
lenge in deciding what combination of measures to use in
comparative evaluation [11].

5.1 Implementation

In order to evaluate the performance of the algorithms, we
implemented a crawler and made a dataset. The crawler is
a focused crawler meaning that it only crawls weblogs which
are not in the weblogs’ domain. We constructed the weblog
graph for the dataset and performed four algorithms on it:

2The best known algorithm for matrix multiplication is
O(n®) where a = 2.37
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Figure 2: An abstract model of our weblog graph:
strongly connected components.

1. Approximate personalized PageRank on directed graphs
(DPPR).

2. Approximate personalized PageRank on undirected graphs
(PPR).

3. Spectral algorithm applied on the a candidate set from
DPPR (SDPPR).

4. Spectral algorithm applied on the a candidate set from
PPR (SPPR).

As discussed in Section 3, we have two options for imple-

menting the local computation of approximate personalized
PageRank: the truncated random walk, and pushing prob-
ability from nodes.
algorithm for our implementation and achieved improved
running time. Since the spectral algorithm is not based on a
local computation, we run the PPR and DPPR algorithms
to find a set of 2000 candidate nodes, and then compute the
spectral metric for this set of nodes, and rank them based on
the distance of these nodes in this metric. In order to find
the set of candidate nodes to feed to this spectral algorithm,
one can use other types of content-based algorithms as well.

We used the truncated random walk

5.2 Metrics

For the system we are going to develop, we adapt two

metrics defined in information retrieval, precision and recall.
In this case we define precision and recall respectively as

follows:
Precision — |Recommended weblogs N Favorite weblogs|
N |Recommended weblogs| ’
Recall — |Recommended weblogs N Favorite weblogs|

|Favorite weblogs|

5.3 Experimental Results

In order to perform such evaluation, we omit a portion of

links from the list of outgoing links of a weblog and recon-
struct the graph without that information. Then, we apply
the algorithm on the new graph and see how many omitted
links are rediscovered, then we calculate the metrics.

Our dataset contains 120000 weblogs, which have links to
The average degree of the

weblog graph is 50. This average degree is more than the
typical average degree of nodes of other social networks like
the web graph. This implies that there is more informa-
tion hidden in the link structure of this graph compared to
other social networks. As we will see, this might be the
main reason that our algorithm performs very well on this
graph. Moreover, as we expected the weblog graph has a
large strongly connected component containing 40433 nodes
and many small strongly connected components.

Recalls
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Figure 3: Recalls.

In order to have meaningful experiments, we select 50
high-degree weblogs at random. The degree of each of these
weblogs were at least 50, and we removed 10 to 15 outgo-
ing neighbors of each of these 50 weblogs. The recalls and
precisions calculated for these 50 randomly chosen weblogs
are plotted in Figures 3 and 4 respectively. The average
of recall and precision for all four algorithms are also plot-
ted in Figure 5. As it can be seen, all the four algorithms
have acceptable performance. The performance of these four
algorithms is ordered as follows: personalized PageRank al-
gorithm on undirected graphs, personalized PageRank algo-
rithm on undirected graphs, Spectral algorithm applied on
the a candidate set from DPPR, Spectral algorithm applied
on the a candidate set from DPPR. These experiments jus-
tify the use of link structure for a recommender system for
weblogs, and perhaps other social networks with high av-
erage degree. Moreover, it proves the applicability of local
partitioning algorithms to estimate the personalized PageR-
ank algorithm.

Running Time. Both PPR and DPPR algorithms are

based on local computation of approximate personalized PageR-

ank vectors and run very fast. We implement these two
algorithms in C. In comparison, the running time of the al-
gorithm on directed graphs is faster. The reason is that the
outdegree of vertices is smaller than its degree in the undi-
rected graph and as a result we deal with larger vectors in
PPR.

The time to construct the similarity metric based on the
spectral method for the whole graph is much worse than
the running time of the local partitioning algorithms, how-
ever, since we apply the algorithm on a candidate set of
1000 nodes and then perform the spectral method on the
candidate set, the running time is comparable. The spectral
algorithm is implemented in Matlab.



are mainly used as a base for comparison, and justify the
use of the random walk algorithm. Between the two per-
sonalized PageRank algorithms on directed and undirected
graphs, the algorithm for directed graphs run faster, but
the performance of the algorithm for undirected graphs is
better.
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6. CONCLUSIONS

In this paper, we develop two main ideas for a recom-
mender system based on the link structure of the weblog
graph. We examine these two ideas on directed and undi-
rected graphs. One idea is to use the personalized PageR~
ank vector to capture the relevance of nodes on a graph
and apply the local truncated random walk algorithms to
approximate this vector. We also extend the random walk
to a refined random walk on directed graphs. The other
idea is to introduce a metric based on the spectral methods
that can be used to rank the relevant nodes in a network.
In order to evaluate the performance of the algorithms, we
construct a dataset and compare the precision and recall of
these methods on a sample subset of this dataset.

Our experimental results show that the performance of all
algorithms are acceptable for weblogs. The main reason for
this good performance is the high average degree of the we-
blog graph which indicates that one can achieve a reasonable
performance for a recommender system for weblogs by only
using the link information of the weblog graph. This ob-
servation implies that for social networks with high average
degree using the link structure for a recommender system is
a realistic approach.

The local approximate personalized PageRank algorithm
has a better performance compared to the spectral method
for our data set. The running time of the personalized
PageRank algorithm is also much better than the spectral
method that we used. The results of the spectral method
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