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Abstract. With the recent growth of the graph-based data, the large
graph processing becomes more and more important. In order to explore
and to extract knowledge from such data, graph mining methods, like
community detection, is a necessity. Although the graph mining is a relatively recent development in the Data Mining domain, it has been studied
extensively in different areas (biology, social networks, telecommunications and Internet). The legacy graph processing tools mainly rely on
single machine computational capacity, which cannot process large graph
with billions of nodes. Therefore, the main challenge of new tools and
frameworks lies on the development of new paradigms that are scalable,
efficient and flexible. In this paper, we will review the new paradigms of
large graph processing and their applications to graph mining domain
using the distributed and shared nothing approach used for large data
by internet players. The paper will be organized as a walk through different industrial needs in terms of graph mining passing by the existing
solutions. Finally, we will expose a set of open research questions linked
with serveral new business requirements as the graph data warehouse.
Keywords: Data Mining, Large graphs, Distributed Processing, Business Intelligence
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Introduction

Data mining is defined variously in the literature of computer science but the
common use of the term corresponds to a process of discovering patterns or
models for data. The patterns, however, often consist of previously unknown
and implicit information and knowledge embedded within a data set [17]. That
is, data mining is the process of analyzing data from different perspectives and
summarizing it into useful information. In the literature, one can find a large
scope of different methods and algorithms that deal with data mining, each of
which has its own advantages and suitable application domains [24, 44, 31]. Those
techniques have been heavily developed these last years in Business intelligence
[50, 41] especially for database and flat data in order to feed market analysis,
business management, and assisted-decision tools [17]. It is worth saying that the
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data mining stands at the intersection of different disciplines such as statistics,
machine learning, information retrieval and pattern recognition. Almost all mining algorithms can be divided into the following families: (1) the classification
for which we position data in pre-determined groups, (2) clustering in which
data are grouped within partitions according to different criteria, (3) associations that enables to link data between each other, (4) pattern recognition in
which we mine data to retrieve pre-determined pattern, (5) feature extraction
and (6) Summarization (Ranking such as PageRank ).
Traditionally, the algorithms manage and process the data as a collection
of independent instances of a single relation. That is, the instances of data to
be mined are considered independent without relationships between them. For
example, in the case of the clustering algorithm in which the input data set is
divided in groups with similar objects, it is considered that there is no relation
between the objects. Hence almost all clustering algorithms compute the similarity between all the pair of objects in the data set by means of a distance measure.
Indeed, the traditional data mining works are focused on multi-dimensional and
text data. However, nowadays new emergent industrial needs lead to deal with
structured, heterogeneous data instead of traditional multi-dimensional models.
This kind of structured dataset is well designed as graph that models a set of
objects that can be linked in a numerous ways. The greater expressive power of
the graph encourages their use in extremely diverse domains. For example, in biology, the biochemical networks such as the metabolic pathways and the genetic
regulation known as the transduction signal networks constitute a significant
graph of interactions. On the other hand, the graphs are used in chemical data
processing in a way that the molecule structure is described as a graph which
implies that the molecule catalogs are processed as graph set. In the Internet
area, the rise of social networks shown the need to model the social interactions
as graphs. We can find another example in credit card fraud detection in which
transactions are modeled as a bipartite graph of users and vendors.
This modeling change involves a paradigm shift in the way to apply the mining algorithms. We need to ensure that the classical data mining techniques are
still equally applicable on graph models. The problem that arises here results
from the fact that almost all needed measures such as similarity and distance
cannot be easily defined for graph in as intuitive way as is the case for multidimensional data. As a matter of fact, the mining algorithms for graph are
more challenging to implement because of the structural nature of the data. The
second challenge that arises in many applications of graph mining is that the
graphs are usually very large scale in nature. Indeed, in practice, those graphs
can reach a significant size, as in social networks or interaction graphs. This kind
of graphs can typically reach several hundred millions of nodes and billions of
edges. However, most of the graph mining algorithms deal with data already
available in main memory which is not accurate in large scale graph.
These last years we have seen new techniques emerging for facing this kind
of large graph processing: (1) high performance graph DB such as DEX [55] or
Titan [64], (2) in-memory and HPC/MPI graph processing such as SNAP [5, 6]
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and finally (3) the distributed approach based on Bulk Synchronous Processing
such as Pregel [51]. As a result graph miners will face three important issues:
(1) adapting the mining algorithms to make them graph-aware, (2) redesigning
the algorithms to be implemented by those new high performance techniques,
(3) storing and exploiting many different graphs and to be able to apply similar
processing as in traditional data warehouses.
In this paper we will focus on the distributed processing approach and we
will show how this new generation of distributed graph processing frameworks
can be used to implement typical graph mining algorithms. The second half of
the paper will describe whether having a high performance data mining stack is
a sufficient condition to get a graph data warehouse stack.
Section 2, Graph mining algorithms, will present well-known data mining
algorithms in clustering and classification areas. The section “distributed graph
processing framework” will introduce new emerging distributed graph processing
frameworks and will describe how the algorithms previously exposed can be
implemented on such frameworks. Finally, the section “Graph Data Warehouse:
an emerging challenge” extends the concept of the graph mining to graph data
warehouse processing and describes the new challenges that must be tackled by
the research communities in order to reach the same level of performance as
existing relational data warehouses.

2

Graph mining algorithms

The objective of this section is to introduce typical graph mining algorithms
that will be discussed in the next sections for their distributed implementations
on the Pregel paradigm. We first introduce a traditional graph mining algorithm
used for large graphs, PageRank, and then we present a typical example of an
existing mining algorithm for clustering that must be adapted to be graph-aware
and fully leverage the linkage information.
2.1

Ranking: PageRank

The world wide web structure can be seen as a graph in which the web pages
are the vertices and the (hyper-)links are the edges. However, in addition to the
web page contents, the graph structure of the web presents a very important
additional source of information which can hold implicit knowledge about the
web pages. Since the nineties, some works have focalized their efforts on how
to exploit this topological structure of world wide web (see, e.g., [11, 12, 14, 17,
20, 42, 43, 54, 59]). One of the most famous works which exploits the topological
structure of the web is the PageRank algorithm [14, 59]. This algorithm has been
stated as one of the key to success of the well-known Google search engine1 [2].
The PageRank algorithm computes a ranking for every web page based only
on the linkage structure of the world wide web (graph of the web). The authors
1
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of PageRank introduce the notion of page authority, which is independent of
the page content. In PageRank algorithm, the authority is approximated from
the number and importance of the pages pointing to the involved page. This
algorithm considers a page as “important” if it has many incoming pages and/or
it has a few highly ranked incoming pages. That is, a page has high authority
(rank) if the sum of authorities (ranks) of its incoming pages is high.
The PageRank of pages is computed by following a random surfer which
browses the web from page to page. The random surfer is a random walk such
that the set of states is the set of Web graph vertices, and at each random step,
with some probabilities, (1) the surfer chooses an outgoing link of the current
vertex uniformly at random, and follow that link to the destination vertex, or
(2) it “teleports” 2 to a completely random Web page, independent of the links
out of the current vertex. Intuitively, the random surfer traverses frequently
“important” vertices with many vertices pointing to it.
Let G = (V, E) be the web graph with vertex set V and edge set E. Let
dout (v) be the number of outgoing edges from the vertex v ∈ V . Let din (v) be
the number of incoming edges to the vertex v ∈ V , i.e., the in-degre of v. Let
p, (0 < p < 1), be the damping factor (usually set to 0.85) that represents the
probability with which the surfer follows with the random walk, while 1 − p is
the probability of teleporting to a random vertex among all |V | vertices. Thus,
the PageRank PR(v) of vertex (page) v is given by the following formula [59]:
PR(v) =

(1 − p)
+p×
|V |

X
u∈din (v)

PR(u)
dout (u)

(1)

In a matrix form, Equation 1 can be rewritten as:
R = p × (AR + D)

(2)

where the matrix A is a square matrix with the rows and columns corresponding
to graph vertices, Au,v = dout1 (u) if there is an edge from u to v and Au,v = 0 if
not, R is a column vector representing the ranks of pages, and D is a constant
vector (= (1 − p)/|V |).
While we will not go deeper into the mathematical underpinnings of PageRank here, it is shown that Equation 2 can be resolved with an iterative solution
(see Equation 3) that converges for 0 < p < 1:
Ri+1 = p × (ARi + D).
2.2

(3)

Graph clustering

Clustering data is a fundamental task and one of the most studied topics in
data mining [35, 39]. Given a set of data instances, the goal is to group them
2

Teleportation step: choose a vertex uniformly at random, and jump to it. This step is
needed because it exists some vertices that does not have outgoing links (non-ergodic
graph)
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into groups that share common characteristics based on similarity. Intuitively,
instances within a cluster are more similar to each other than they are to an instance belonging to different clusters. In the context of graph data, the clustering
task is usually referred to as communities detection within graph [69, 56, 21, 19,
62, 29]. In the case of a citation graph of the scientific literature, the vertices
correspond to the papers and the edges correspond to citation relationships3 .
By clustering this graph, for a given paper one can identify the community of
surrounding relevant works, without traversing the cited works nor the works
they cite as well.
Here, we describe two graph clustering algorithms: the first algorithm is a
generalization of the well-known k-means [50] algorithm and the second is a
divisive algorithm which uses a structural-based index to gather information
about the separable communities in a graph.
k-means based clustering In multidimensional data context, the k-means
[50] algorithm is the simplest and one of the popular algorithms used for clustering. It minimizes the sum of the distances between the data instances and the
corresponding centroids. The k-means [50] algorithm needs two parameters : (1)
k the number of groups to provide and (2) D : (oi , oj ) → R a distance measure
that maps pairs of data instances to a real value, it works as follows:
1. Randomly selects k data instances as the initial cluster centers (“centroids”).
2. Each data instance in the dataset is assigned to the nearest cluster, based
on the distance (computed by D) between each one and each cluster center.
3. Each cluster center is recomputed as the average of the data instances in
that cluster.
4. Steps 2 and 3 are repeated until the clusters converge. Convergence may
be defined differently depending upon the implementation, but it normally
means that either no objects change clusters when steps 2 and 3 are repeated
or that the changes do not make a material difference in the definition of the
clusters.
The k-means algorithm has been extended recently to allow its use in linkage
structure graph. In order to achieve reliable and efficient generalization of kmeans to graph domain, two key issues have been addressed. Firstly, the distance
measure D has been defined in such way it takes into account the relationship
between vertices. Intuitively, the distance between two vertices is considered as
the geodesic distance which is the number of edges (“hops”) in a shortest path
connecting the pair of vertices in question. Secondly, the computation of the
cluster centers (“centroids”) requires graph-aware procedures that can efficiently
select a vertex which is the most representative of a set of vertices. One possible
solution consists of using the notion of median vertex which is a vertex that
minimizes the sum of distances to all the other vertices. Formally, let C be a set
of vertices and D a distance measure for the graph, the median vertex vb of the
3
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set C is defined as follows:
vb = argmin
v∈C

X

D(v, u).

(4)

u∈C

Besides the median vertex, Rattigan et al. [62] uses the closeness centrality
[27, 72] to select the representative vertex of a cluster, i.e. they select the vertex
with the greatest closeness score. A vertex will be consider in a central position
according to his closeness score. This measure stresses that the quality (position
in the graph) is more prominent than quantity (number of incident edges ).
Formally, the closeness centrality measure of a vertex v in a cluster C is computed
as follows:
|V | − 1
v6=u,u∈C D(v, u)

CC(v) = P

(5)

where d(u, v) is a distance measure for the graph and |V | the size of the graph.
As it can be remarked, one of the most important and common task in
the graph clustering (and other graph algorithms) is the distance computation
between vertex. As aforementioned, the shortest path computation forms the
most used way to compute such distance. Intuitively, the goal is to find the
shortest path from a source vertex v to a target vertex u, among all paths that
satisfy a certain criterion. The applications of the shortest path computation
cover a large scope of computer science fields, including network optimization [7,
48], scheduling [28], image processing [57], geographic information systems [73],
social network [75]. In the literature, since the late 50’s, shortest path problem
was very well studied and many solutions to this problem have been proposed
(i.e. see [68]). However, the earlier algorithms [9, 22, 26] are still used nowadays,
especially Dijkstra’s algorithm [22]. Dijkstra’s algorithm solves the single-source
shortest-path problem when all edges have nonnegative weights. It starts at a
source vertex and explores the entire graph in all directions until the distances
to all the other vertices (reachable from the source) are computed. Dijkstra’s
algorithm is considered as a greedy algorithm because it selects, in each step
of the traversal process, the local optimum, which is the edge that satisfies the
considered criterion.
Centrality based clustering Before detailing this part, we provide a definition
of one of the numerous centrality measures that is used for graph clustering. Here,
we focus on the edge betweenness centrality [72, 27] which locates, structurally
(content-independent), the well-connected edges within a network. Here, an edge
is considered to be well-connected if it is located on many shortest paths between
pairs of vertices. That is, an edge with high betweenness centrality performs, in
some sense, a control over the interactions between vertices. For instance, if
two non-adjacent vertices v and w seek to communicate (interact) and their
shortest path pass through an edge e, then e may have some control over the
communication between v and w. This betweenness centrality of an edge e is
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(6)

v,w∈V

where bvw (e) the number of shortest paths from v to w that pass through e
and bvw the number of all shortest path between v and w.
Girvan and Newman [29] propose a divisive method that is well-suited for the
social context. The divisive method starts with the whole graph and iteratively
cuts specific edges. This divide the graph progressively into smaller and smaller
disjoint subgraphs (communities). The key problem for these methods is the
selection of the edges to be cut. Indeed, the edges to be cut should connect, as
much as possible, vertices in different communities and not those within the same
communities. Girvan and Newman [29] use edge betweenness centrality to select
edges to be cut, for connected graphs. The idea behind this is that the intercommunity edges have high betweenness centrality, while the intra-community
edges have low betweenness centrality. The proposed algorithm works iteratively
in two steps:
1. Compute the betweenness of all existing edges
2. Remove the edge with highest betweenness centrality
3. Repeat Step 1 & 2 until the communities are suitably found
The stopping criteria can be designed by a ”a priori” definition of ”suitable
communities”, and at each iteration we test whether the resulting subgraphs
fulfill the definition. It is worth saying that this algorithm is very useful for web
graph and social graph because they are characterized by small-world structure
property [46, 44].
Summarizing, it is clear that the graph clustering is a challenging topic. This
stems, firstly, from the fact that the clustering algorithms can be useful for some
graph types and not for others. Secondly, they are almost all computationally
expensive because they need to re-compute several measures in each step (e.g. the
betweenness for each edge). Nevertheless, nowadays, the real world applications
need to deal with very large-scale graphs such as social networks or web graphs
where the size grows exponentially (billions of vertices). For sake of scalability,
some works try to provide a faster clustering solution by considering only local
quantities, such as [61] but this is still not sufficient for real world applications.
Yet, a major part of graph clustering algorithms seems to discard the evolving
aspect of the real graphs. Indeed, the structure of graph in almost all domains
changes over time by adding/removing edges and/or vertices.

3
3.1

Distributed graph processing framework
Distributed computation framework

Parallel and distributed computing have been strongly studied these last twenty
years and they have been tremendously popularized by new frameworks such as
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MapReduce [45, 25, 77, 47, 13] (see §3.2) and Dryad [34, 60]. The notion of parallelism represents the ability to run simultaneously software in different processors
in order to increase its performance while the distributed concept emphasizes the
notion of loose coupling between those processors. The distributed architectures
can be described and classified according to the resources that the machines or
the processors share with each other. This classification is particularly important
if we speak about large graph storage and processing.
The main categories are shared-memory, shared-disk and share-nothing. The
shared-memory architecture describes distributed systems that share a common
memory space. In the case of distributed machines, it can be a distributed cache
where the data is commonly available. In large-scale super-computer the processors can share the data through non-uniform Memory Access (NUMA)[36].
However, this kind of architectures is more suited for small parallel data problem, as the shared memory must manage the data consistency and accesses
through the different clients. The second category is the shared-disk that enables to connect distributed processors by Local Area Network (LAN). Even if
they are less costly in term of scalability when adding new storage nodes than
the shared-memory, they still suffer from the access contention and the data
consistency when number of processor clients dramatically increases. Finally the
last category is the shared-nothing architecture in which each machine has its
own independent storage. Therefore, a new important concept has been defined,
the partitioning. The data are partitioned over the cluster of machines according
to a partitioning policy. This policy defines the location of the data and then,
the distributed computing framework can send dedicated tasks where the data
is located. This represents the notion of data locality.
The parallel programming paradigm can be described as either explicit or
implicit parallel programming. In the explicit version, the developer will have to
explicitly create tasks, synchronization points, managing threads and processes
and ensuring that the parallel operations will be safe, etc. On the other hand,
in the implicit parallel programming, the developer does not need to care about
these details. The compiler or the distributed framework handles all aspects
related to the parallel execution such as the portion of the code that must run
in parallel, the task location routing, the creation of threads and processes, the
data access, etc. Although the explicit parallel programming is richer and let
the developer accurately drive the distributed processing, it represents a serious
complexity in term of design and implementation, and is error-prone. Most of
the distributed processing frameworks presented in this paper are shared-nothing
and expose an implicit programming model.
3.2

Large graph processing

The MapReduce technique, proposed by Google, is a famous paradigm in distributed computing on large data sets and can be used for computer programs
that need to process and generate large amounts of data. For instance, MapReduce has been used by Google to create the index of all the crawled web pages.
Hadoop [10] is an open-source implementation of MapReduce. In addition to

Large Graph Mining

9

the distributed computing, the three main strengths of Hadoop result in data
locality, fault tolerance and parallel processing. For the sake of completeness, we
define briefly the two major steps of the MapReduce paradigm:
– Map: in this step, the problem is partitioned into a set of small sub-problems.
This set is then distributed over the machines available in the cluster and
each sub-problem is processed, independentely, in a single machine, namely
worker node.
– Reduce: in this step, all the answers to all sub-problems are gathered from
the worker nodes and are then merged to form the output solution.
These two functions are written by the user and are applied to distributed
data over a cluster of machines as shown in Figure 1(a). This programming model
offers to developers an easy and simple way to deal with large data sets in a distributed computation environment. Indeed, by means of Hadoop, the developers
do not need to be experts on distributed computation, and they have just to focus on the design of their algorithms with MapReduce programming paradigm.
Nevertheless, this paradigm is not well suited for graph processing tasks and iterative algorithms. In fact, a simple iterative algorithm needs a whole execution of
a MapReduce task in each iteration which forms a huge data migration and computation over the algorithm execution, requiring lots of I/Os and unnecessary
computations. Figure 1(b) illustrates two iterations with a naive implementation
with MapReduce paradigm (in each iteration the data are partitioned, processed
and the intermediate results are stored).

Input Data

iteration i
Map

Map

Reduce

Map

Reduce

Intermediate Output Data

Input Data

iteration i+1
Map

Map

Reduce

Map

Reduce

Output Data

(a) MapReduce programing model

Map

Map

Reduce

Map

Reduce

Output Data

(b) Naive iterations with Mapreduce

Fig. 1. MapReduce paradigm and a naive iteration implementation.
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In order to overcome this problem, some works [18, 23, 15, 37, 38, 51, 76] proposed a set of techniques to improve classical MapReduce for iterative algorithms. For instance, Twister [23] and Haloop [15] solutions reuse workers across
iterations by changing only the input which minimizes the number of instantiated workers. In addition, Haloop [15] supports caching of input and output
of iterations to save I/Os and it uses a loop-aware scheduling of jobs which is
a very interesting extension of Hadoop. Despite the improvements, these solutions lack efficiency for the graph-based algorithms since they deal essentially
with multidimensional data. In this respect, some methods have been developed
to deal especially with the distributed computation of linkage structural data
[51, 18]. In this context, the most popular framework was introduced by Google
and called Pregel [51]. The main purpose of Pregel is to provide a distributed
computation framework entirely dedicated to graph processing algorithms implementation. Google Pregel was inspired from the Bulk Synchronous Parallel
(BSP) programming paradigm [71]. Roughly, in the BSP model an algorithm
is executed as a sequence of supersteps separated by a global synchronization
points until termination. Within each superstep a processor (or a virtual processor) may perform the following operations; (1) perform computations on a
set of local data (only) and (2) send or receive messages. Similarly, in Pregel,
within a superstep the vertices of graph execute the same user-defined function,
in parallel. This function can include : a modification of the state of a vertex
or that of its outgoing edges, read messages sent to the vertex in the previous
superstep, send messages to other vertices that will be received in the next superstep, or even a modification of the topology of the graph (deleting or adding
vertices and/or edges) [51]. Pregel uses a “vertex voting to halt” technique to
determine the algorithm termination. Each vertex has two possible states: active
or inactive. An algorithm is considered terminated when all the vertices are in
the inactive state. Practically, in the initial superstep (superstep 0), all vertices
are in the active state, then in each subsequent superstep each vertex can vote to
halt and then, explicitly deactivate itself. An inactive vertex do not participate
on any superstep unless it receives an non-empty message4.
There exists several open-source implementations of Pregel, but the two mature ones are Apache Hama and Apache Giraph. In the remaining of section, we
will address the implementation of two graph algorithms with Pregel paradigm:
single source shortest path (SSSP) and pageRank.

4

The fact of receiving a message activates the vertex state
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Input : Messages: Set of received messages
if currentVertex is the source then
minimumDistance ← 0;
else
minimumDistance ← ∞;
end
foreach message m ∈ Messages do
minimumDistance ← minimum(minimumDistance, valueOf(m));
end
if minimumDistance ≤ valueOf(currentVertex) then
valueOf(currentVertex)← minimumDistance;
foreach outgoing edge e from currentVertex do
sendMessageTo(targetOf(e), (minimumDistance+ valueOf(e)));
end
end
VoteTohalt();
Algorithm 1: Pregel: vertex function for Single source shortest path problem.

SSSP implementation: Algorithm 1 shows a pseudo-code of the vertex function for a SSSP implementation within Pregel framework. Initially, each vertex
value (except the source), which corresponds to the distance to reach it from
the source, is initialized to an infinity constant (larger value than any possible
distance in the graph). In this algorithm, in each superstep, each vertex reads
messages from its neighbors. Each message contains the distance between the
source vertex and the current vertex (through a given adjacent vertex). For a
given vertex, if the minimum message value is less than the actual associated
value, the vertex updates its current value. Then, the vertex sends messages
through all its outgoing edges, such that each message contains the sum of the
weight of its outgoing edge and the new value associated to the vertex. Finally,
the vertex vote to halt. The algorithm terminates if there is no more updates
performed. As result of the algorithm, each vertex of the graph will be associated
to a value that denotes its minimum distance from the source vertex to it. In the
case of unreachable vertex from the source (unconnected graph), the associated
value to such vertex is set to the infinity constant.
For sake of more demystification, let us analyze an example of the execution
of the previous algorithm. For this purpose, Figure 2 provides a superstep by
superstep execution of the SSSP algorithm on a sample graph. Here, we consider
the vertex labeled by (1) as the source. The initial step consists on setting the
values associated to all the other vertices to infinity. In superstep 1, the vertices
(2), (3) and (4) receive from the vertex (1) (in superstep 0), respectively, the
messages containing their distances to (1). For instance, the vertex (2) receives
a message that contains 6 which is the sum of the value of vertex (1) and the
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weight of outgoing edge ((1)→(2)). Moreover, in superstep 1, the source vertex
is in inactive state because it does not receive any message in this superstep. The
next supersteps follow the same procedure until all the vertices are in inactive
state.

Fig. 2. Single source shortest path supersteps. Dotted lines describe how the messages
are sent (from/to), the green labels are the message values. Yellow vertices have voted
to halt.

PageRank implementation: Algorithm 2 shows a pseudo-code of the vertex
function for a PageRank implementation within Pregel framework. Initially, each
vertex value, which correspond to the PageRank estimation, is initialized to
1
SizeOf Graph . In this algorithm, in each superstep, each vertex read messages from
its neighbors. Each message contains tentative pageRank divided by the number
of outgoing edges of the involved vertex. For a given vertex, the received message
values are summed up into sum, then the vertex updates its current PageRank
0.15
value by SizeOf
Graph + 0.85 × sum (which follows Eq. 1). Then, the vertex
sends messages through all its outgoing edges. Finally, after a fixed number of
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supersteps (iterations) the vertex vote to halt. The algorithm terminates if there
is no more updates performed. As result of the algorithm, each vertex of the
graph will be associated to a value that denotes its PageRank. As mentioned in
[51], instead of fixing the number of iteration, one could find a suitable setup of
this algorithm to run until convergence of PageRank values.

Input : Messages: Set of received messages
if NumberOfSuperstep ≥ 1 then
sum ← 0;
foreach message m ∈ Messages do
sum ← sum + valueOf(m);
end
valueOf(currentVertex)← 0.15 / SizeOfGraph + 0.85 × sum;
end
if NumberOfSuperstep < MaximumNumberOfIteration then
N = SizeOf({outgoing edges from currentVertex})
sendMessageToAllNeighbors(valueOf(currentVertex) / N);
else
VoteTohalt();
end

Algorithm 2: Pregel: vertex function for PageRank.

4

Graph Data warehouse: an emerging challenge

Since we can provide efficient methods for processing and mining large graph,
the next question to answer is how to store many of these large graphs and still
exploiting their informational potential. Nowadays, we end up with a significant
number of graphs in data warehouse, not because they are the easiest way to
analyze the data but because they are the most meaningful way to represent the
relationship concepts.
The concept of graph data warehouse is similar to the traditional data warehouse: the warehouse is fed by a set of data sources that can be either databases
or existing graphs. Those data sources are extracted and transformed to be
loaded as a graph structure in order to facilitate the data mining. The problem
is then (1) how to merge different graphs from different data sources, (2) how
to define an efficient conceptual modeling on top of graph data and finally, (3)
how to express efficient queries. Let us take the example of a Telecom operator
who owns (1) a network address book service, (2) a chat service, (3) a social
network, and (4) a set of call data records. The objective of this Telco is to
merge that information within on single aggregated graph in order to extract
and infer information such as: influencers and maven, potential churners and
service usage pattern. Therefore the first question is how to merge the different
graphs from the address book, the chat service contacts, the social network and
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the CDRs, knowing they are different services launched by different departments
and using different ID for users. The second question would be how to define a
conceptual model enabling to define roles in edges we can navigate, additivity
for the time spent on each service, the navigation path on edge for clustering
algorithm that can be used for maven identification, etc. Finally, we have the
queries such as once the maven have been identified, retrieve the closest users
based on their location or retrieve the average time spent on all services by influencers or potential churners. We can also consider composite queries such as (1)
extracting all male influencers living in cities of more than 1M inhabitants, (2)
extracting potential churners who are in the neighborhood of those influencers
and (3) extract last year churner in the graph neighborhood of the current potential churner and evaluate their interaction through the social network service
and CDR, (4) according to the query (2) and (3) defining the best influencers
to propagate a promotional message.
This example leads to the key question of this section: if the graph modeling
enables to better leverage the relationship concept in mining algorithms and
if several execution engines and distributed frameworks enable to apply those
mining algorithms on significant graphs, what is still missing for a graph data
warehouse? This section will answer to this question by first introducing basic
foundation of data warehouse approach, from there we will explain the existing
lack of methodologies, modeling approaches and analytic tools for an equally
efficient graph data warehouse.
4.1

Why not using relational data warehouse for storing graphs?

The data mining algorithms are involved in each step of the traditional data
warehouse [33], we can use techniques for identifying key attributes or finding
related measures or dimensions, some other techniques enable to limit the scope
of the data extraction on specific clusters. Usually the OLAP framework is integrated with a Mining framework in order to use both in conjunction, this
integration is often named On-Line Analytic Mining (OLAM) and exploratory
multi-dimensional data mining [31]. According to [31], there is at least four ways
to use OLAM and OLAP in conjunction:
–
–
–
–

using the multi-dimensional cube space for defining the data space for mining
using OLAP queries for generating features and targets for mining
using data mining as building blocs in a multi-step mining process
using data cube computation for speeding-up repeated models construction

The graph model should be another way to represent the information and then
it should be stored as any other data sources in the data warehouse. However,
the graph model must be considered as a constraint. Indeed, if it is represented
as a graph it is because it leverages the relationship concept. Let us take the
example of a social network. We could represent it as traditional relational tables
on which we can represent the concept of user as a table pointing to a m-n table
defining all the relationship a user has. If we consider that, in average, in a

Large Graph Mining

15

social network a user has 100 friends, a simple request retrieving the friends
of the friends will lead to 1002 join requests. A social network can be stored
without any issues on a relational data warehouse, but when comes the question
about how we can leverage the relationship concept through a set of mining
algorithms, we come to the conclusion that the graph model remains the most
appropriate format. In addition, most of the mining techniques must navigate
through the edge relations. As shown by Figure 3, this means that it (1) will
significantly cost in terms of join operations and (2) will almost transfer the
totality of the graph between the relational storage and the mining application,
which could potentially represents a huge amount of data in the case of the
graphs we consider in this paper.

(a)

(b)

Fig. 3. (a) The traditional relational DB approach involves that almost all the graph
content would be transferred between the mining application and the storage. (b)
While in a data application server concept the mining application is implemented as
an application in the distributed storage midlleware.

We saw in the previous section how we can use new emerging distributed
frameworks in order to apply traditional mining algorithms on significant graphs.
This means that graph mining analysis such as classification, link-based analysis,
object or link-based recommendation, trust computation can be applied on graph
models. An interesting advantage of those frameworks is that they can both
leverage the data locality, e.g., the information about the location of sharded
data, and they can integrate mining algorithms within the distributed storage.
As a result they highly minimize the quantity of data exchanged between the
processing and the storage nodes during a mining operation.
4.2

Traditional data warehouse approaches

For many years the knowledge presents in the data accumulated by an enterprise
has always represented a key strategic element in its management, in term of
business KPI, behavioral analysis, strategic marketing and many other fields.
The traditional data warehouse aims at providing the software, the modeling
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approaches and the tool to analyze the set of data present in a collection a
databases.

Internal
sources

Operational
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Metadata

ETL
process

Entreprise
data
warehouse

OLAP tools

OLAP
server

Reporting
tools

Statistical
tools
External
sources

Data marts
Data mining
tools

Data
sources

Back-end
tier

Data warehouse
tier

OLAP
tier

Front-end
tier

Fig. 4. A traditional process overview [52].

Figure 4 shows the traditional process to extract knowledge from data. A
first step consists in extracting data from the collection of data sources that can
be relational, files, remote web sources, etc. The ETL (Extract, Transform and
Load) aims at structuring the extracted data in a more processable form, this is
the data warehouse tier. This phase is usually done manually by using an ETL
software, without specific modeling approach. However new emerging researches
try to adopt a complete modeling process aligned with the modeling techniques
used in the OLAP tier [3].
The data warehouse tier is then used for designing high level models that will
be used for executing specific requests. This is traditionally the area of On-Line
Analytical Processing (OLAP). The idea is to design a logical model suited for
regrouping the data that are needed for the OLAP queries and to generate a
related physical model. The OLAP queries take advantage of the physical model
and the query model to generate a physical execution plan. The development
of conceptual modeling of data warehouse has been an important research area
that is still highly active. Most of the research topics focus on the improvement
of the snowflake and star schema [53]. Some researches try to add a graphical
representation [63] based on the ER model [65, 70] or based on UML [1, 49], other
focus on models that enable to define different level of hierarchies [63, 8, 32, 40],
while others provide models that take into account the role played by a measure
in different dimensions [49, 41]. The model described by [53] tries to summarize
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the main limitations of the snowflake and star model and proposes a new model
that includes most of the previous researches in this area.
The last phase of the processing is the OLAP tier in which the data processing
is led by the expression of the OLAP queries. An overview of OLAP techniques
has been described by [16]. The authors describe the main OLAP operations as
rollup (increasing the level of aggregation) and drill-down (decreasing the level of
aggregation or increasing detail) along one or more dimension hierarchies, slice
and dice (selection and projection), and pivot (re-orienting the multidimensional
view of data). Usually the OLAP queries are expressed using standard SQL or
Multidimensional Expression language (Mdx) from Microsoft [58].
In conclusion we can summarize the complete data warehouse process by (1)
the storage and (2) the process to extract, (3) to model and (4) to query the
data. In the next section we will show that graph data warehouse is far from the
maturity reached by the legacy warehouses.
4.3

Graph data warehouse challenges

In previous sections we have shown that distributed processing frameworks can
be used to implement graph mining algorithms. However, this area lacks dramatically an unified conceptual approach to mine graph as found in legacy data
warehouses. Figure 5 shows an equally functional data warehouse process when
dealing with graphs. Similarly the data sources can be existing databases, as it
is the case in fraud detection or call data records in telecommunication or even
existing graphs. After an ETL process, we end-up with a consolidated graph
that is the integration of different graphs. This graph must be queried and analyzed. Currently, there is no common approach that enables to model an equally
functional conceptual modeling approach such as the multi-dimensional cube
for graphs. We need to be able to model an intermediate structure keeping the
relationship as a central concept but enabling to represent different navigation
paths, different roles in those paths while being able to represent hierarchies.
There is a real gap in the research community in this area although the need
for this kind of conceptual modeling approach will grow in the coming years.
However, existing conceptual modeling approaches such as the Multidim model
[53] should be independent of the underlying physical model, but it will need
to be extended for specific graph semantics such as navigation paths, role in
relationships and other properties such as the additivity in the navigation path.
In the same way, there is no graph query language giving the same level of flexibility as existing OLAP queries. Although few graph languages exist, they have
been designed with specific objectives in mind and do not really represent an
equally functional OLAP query language. We can cite Gremlin [4] that comes
from the graphDB area and SparQL [67, 30] which defines standard query language and data access protocol, mainly used for RDF meta-models. Finally, the
graph mining and data warehouses need to have an integrated execution processing framework. As in legacy OLAP, we need to generate, from the graph query,
a logical execution plan and finally, a physical execution plan taking advantage
of the distributed aspects of the graph. Currently, there is no way to express a
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graph query and to generate a distributed execution plan as it can be found in
Apache PigLatin. However, few researches especially in the web semantic try to
leverage existing distributed processing frameworks such as MapReduce [66], but
it is highly dependent to RDF and does not really leverage the graph aspects.
As for the conceptual modeling, this is clearly a gap in the research community.
It is worth noting that, at the moment of writing this paper and at our level
of knowledge, the most complete research project on graph data warehouse is
GraphCube[74]. The authors defined the concept of multidimensional network
which is a graph on which each vertex is a tuple in a table. The attributes of
this table represent the multidimensional space. The authors showed that we
can execute the same OLAP queries on a table and a corresponding graph.
This work enables to mine in the same time traditional relational sources and a
graph as an additional source of information. They also defined the algorithms to
obtain the different aggregated networks from queries. Finally they present the
materialization approach. Although this paper is the most advanced research
in graph data warehouse, there is still open questions. Indeed, (1) they only
consider a graph of vertex of the same type that let all the open questions we
introduced unanswered. (2) They consider only local centralized processing and
(3) the materialization policy is inspired by legacy data warehouse and does not
leverage the distributed graph processing aspects.

Sources

Data Warehouse

Dashboard

ETL

Aggregated Graph
Modeling

??

Queries

??

Fig. 5. The graph data warehouse process.

5

Conclusion

The large graph mining is becoming an important requirement coming from the
industry and the research community. The graph model leverages the relationship between objects and enables to better structure linked data. In the other
hand this model is not well suited for traditional data mining algorithms and
processing framework. The mining algorithms need to be re-designed to take
into account the structural nature of graphs and to be adapted to distributed
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programing paradigms to scale. In this paper we presented the PageRank, the
k-means based and the centrality-based algorithms, we described them and explained how they can be adapted for graph structures. Afterwards, we introduced
new emerging graph distributed frameworks and described how the previous mining algorithms can be implemented within their programming models. Finally,
we introduced a new field of research, the graph data warehouse, which is deeply
linked with large graph mining. This field is still at early stage but dramatically lacks conceptual modeling, unified query model and integration with new
distribute programing techniques.
This paper shown that if we consider to analyze significant graphs, distributed
programming techniques can be applied to efficiently speed-up the processing.
However, the implementation of those techniques and the frameworks is still at
early stage, the documentation and the support are clearly lacking. In addition,
the implicit distributed programming model can be difficult for porting legacy
graph mining algorithms.
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