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ABSTRACT

A large payment network contains millions of merchants and bil-
lions of transactions, and the merchants are described in a large
number of attributes with incomplete values. Understanding its
community structures is crucial to ensure its sustainable and long
lasting. Knowing a merchant’s community is also important from
many applications - risk management, compliance, legal and mar-
keting. To detect communities, an algorithm has to take advances
from both attribute and topological information. Further, the method
has to be able to handle incomplete and complex attributes. In this
paper, we propose a framework named AGGMMR to effectively
address the challenges come from scalability, mixed attributes, and
incomplete value. We evaluate our proposed framework on four
benchmark datasets against five strong baselines. More importantly,
we provide a case study of running AGGMMR on a large network
from PayPal which contains 100million merchants with 1.5billion
transactions. The results demonstrate AGGMMR’s effectiveness
and practicability.
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1 INTRODUCTION

Network data in industry can be very complex with a large number
of vertices of different types. Further, vertices may be associated
with different types of attributes (e.g., numerical and categorical)
with missing values. We use PayPal payment network as an exam-
ple. A vertex represents a merchant or consumer while an edge
represents their transaction relationships. There are attributes asso-
ciated with merchants describing their business but not consumers.
Understanding community structures in such a network benefit
many applications such as risk management, compliance manage-
ment, and targeted marketing. However, finding communities in
such an attributed network is not an easy task. Most state-of-the-art
algorithms only consider either attributes or network topological
information, but not both types of information. On the other hand,
the optimal balance of using both types of information is unknown
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because community detection is unsupervised in nature. To make
the task even more challenging, vertex attributes may provide con-
tradictory information with topological structure [28].

In this paper, we propose a community detection framework
named AGGMMR (Augmented Graph with Modularity Maximi-
sation and Refinement) to detect communities from large-scale
attributed graph. Our framework is designed to partition an attrib-
uted graph based on both its attributes and topological information
through a greedy modularity maximisation model. It consists of
three phases: (i) augmented graph construction and weight initial-
isation, (ii) weight learning with modularity maximisation, and
(iii) modularity refinement. Specifically, an augmented graph is
constructed through centre-based attributed clustering to retain
attributes relationships between vertices. All attribute relationships
are then transformed into edges in the augmented graph. Modular-
ity maximisation model is then applied to partition the augmented
graph, which now contains both attributes and topological informa-
tion. Along with the partition, a fast learning algorithm is proposed
to automatically adjust weights on those attributes relationships
according to their contributions towards our objective. Because
the result of a greedy modularity maximisation model is heavily
affected by its processing order, we propose a modularity refine-
ment algorithm to automatically optimise the result through a fast
greedy search.

We evaluated AGGMMR on four open networks which are pub-
licly available, CiteSeer, Cora, Terrorist Attack, and SinaNet net-
works. As a case study, we evaluate AGGMMR on a payment net-
work from PayPal. The PayPal network consists of 100 million ver-
tices and 1.5 billion edges. Among the 100 million vertices, 3 million
are merchants which are described by 68 attributes. Running com-
munity detection algorithm on such a large attributed network is
challenging for several reasons. First, the network is very large.
Many existing algorithms are not scalable enough to be applied
on this level of scale. Second, the network contains heterogenous
vertices. There are both merchants and consumers, and business
related attributes are only available for large merchants. Algorithms
that require all vertices to share the same set of attributes cannot be
applied. Third, there are both numerical and categorical attributes.
Further, the categorical attributes can be many-value or multi-value
(details in our case study).

Through the evaluation on public datasets and the large scale
PayPal networks, we show the effectiveness of AGGMMR, and its
superiority over 5 baselines Louvain [4], Distance Dynamics [31],
NAGC [20], CODICIL [27] and K-means.

2 RELATED WORK

We review three categories of community detection algorithms:
topological based, attribute based, and community detection using
both types of information.
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Topological Based Community Detection. A classic method
that using topological information is graph cut, which partitions
the network by minimising the cost from cut. Minimum cut and
normalised cut are the most well studied algorithms in this area.
Besides these two, edge betweenness can also be used to measure
communities. One representative algorithm is Girvan-Newman
algorithms [11]. However, due to high computational cost, those
algorithms cannot handle large scale networks [22, 26, 33]. Label
propagation [39] finds communities by propagating labels within
the network. The algorithm is scalable, but recent research shows
it is not robust when running on many common scenarios [36].
Modularity functions, introduced by Newman and Girvan [23]
has been extensively used to measure communities. Although the
modularity maximization problem is NP-hard, a large number of
heuristic algorithms have been developed [10]. One representative
algorithm is Louvain [4], which has been widely used in industry
applications due to its scalability and high quality performance.
There are also solutions trying to partition communities from
other perspectives. Those algorithms differ in the ways to measure
distance based on network topological information, e.g., random
walk, graph drawing, and game theory [2, 3, 7, 8, 18, 21, 31, 34].

Attribute Based Community Detection. K-means is attribute
based clustering that is widely used in research and industries
for its simplicity and effectiveness. There are a huge number of
extensions [1, 5, 32]. Examples include kernel method on K-means
to identify nonlinear structure in data [29], and K-modes and K-
prototypes that enable K-means to perform on categorical data [13].

Topology & Attributes Community Detection. Recently, a few
algorithms are proposed to detect communities based on both topo-
logical and attribute information. Those algorithms can be grouped
in three categories [9]: topological based, attribute based, and hy-
brid approaches.

Topological based approach maps attribute information to topo-
logical structures. Then the attributed network community de-
tection problem is transformed into a pure topological clustering
problem. The key is to correctly map the attributes and use them
to construct an augmented graph. SA-Cluster [38] and Hetero-
Attractor [35] use dummy vertices to map attribute values. Each at-
tribute value is represented by a single dummy vertex on the graph.
Those dummy vertices are connected to all vertices in the network
to retain their attribute relationships. CODICIL [27], SAC2 [6] use at-
tributes to find nearest neighbours for each vertex, then reconstruct
graph by connecting each vertex with their neighbours to retain
attribute information. Attribute based approach tries to integrate
topological information together with attribute distance/similarity
to cluster the graph. In the propagation algorithm [19], it is assumed
vertices that belong to the same community should receive sim-
ilar amount of content/attributes. So the problem is transformed
into an optimisation problem that minimises the error between
vertices’ content propagation and expected content propagation in
the respective communities. Communities can also be partitioned
by embedding vertices through optimising both attribute distance
and topology distance together [17]. The CESNA [37] algorithm uti-
lizes generative model to predict community assignments. In [12],
the method separates each attribute into a single layer of graph,
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then ensembles the results from each layer to get the whole graph
clustering.

Given a large scale network with complex attributes in our prob-
lem setting, existing algorithms are not (at least not directly) ap-
plicable. Those algorithms require all vertices to have same set of
attributes. Besides that, how those algorithms adjust the weights
between attributes and topological information in an unsupervised
manner are not clearly discussed.

3 THE AGGMMR FRAMEWORK

Our AGGMMR framework is designed to partition an attributed
graph based on its attributes and topological information, through
a greedy modularity maximisation model.

Mlustrated in Figure 1, the framework consists of three steps. We
first construct an augmented graph through an center-based attrib-
uted clustering to retain attributes relationships between vertices.
In second step, the modularity maximisation model is used to parti-
tion the augmented graph. A fast learning algorithm is proposed to
automatically adjust weights on attribute relationships according
to their contributions towards our objective. In the last step, we
propose a modularity refinement algorithm to automatically opti-
mise the result through a fast greedy search. This is to reduce the
effect of processing order in the greedy modularity maximisation
model in the previous step. Next, we detail the three steps.

3.1 Augmented Graph Construction

One way to retain attributes information on the graph is to plot all
attribute values as dummy vertices and connect them with original
vertices [38]. However, this method is applicable when attributes
are all categorical and the number of attributes is relatively small.

EXAMPLE 3.1. Assume there are 100 attributes each with 10 dif-
ferent values in a graph consisting of 1M vertices. This method will
generate 100 X 10 dummy vertices and 100 X 1M dummy edges.

Instead of directly using attribute values as a dummy vertex, we
propose to summarize the values into attribute centers. Specifically,
we perform center-based attribute clustering on all vertices that
have attributes. A dummy vertex is created to represent the center
of each attribute cluster (i.e., attribute center) and is added to
the graph. Then, belongingness edges between those attribute
centers and their member vertices are added to the augmented
graph to retain their attribute relationships.

EXAMPLE 3.2. Assume there is a graph with 1M vertices and 10, 000
attribute centers. Only additional 10,000 dummy vertices and at most
1M belongingness edges are needed to construct an augmented graph.
Useful attribute relationships are effectively captured in this much
smaller augmented graph.

Note that our construction method is not limited to a graph with
only categorical attributes, but all types of attributes as long as the
attributes are available for clustering. Our method is also flexible be-
cause all kinds of center-based attribute clustering algorithm can be
easily adopted here, to cater to different application requirements.

To indicate the strength of belongingness relationship between
each vertex and its nearest attribute center, we use attribute dis-
tance to initialize the weight of a belongingness edge. An attribute
distance is the distance between each vertex and their nearest
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Figure 1: Flow of Framework

attribute center, calculated by the center-based attribute clustering
algorithm. For example, we can use Euclidean distance if k-means
algorithm is used to cluster attribute values. We denote attribute
distance by d(v;, vc) between vertex v; and attribute center v,.

In our implementation, we first compute Euclidean distances
as attribute distances, and then map the distances into probabil-
ity values. Specifically, we map Euclidean distances into higher
dimensional space using RBF kernel.

d(vi,ve)
202

P(vi, ve) = exp(= ) 1

As the kernel distance embeds isometrically in a Euclidean space,
the RBF kernel function is an effective metric for weighting ob-
servations [24]. Then the weight initialization on belongingness
edges are by Equation 2.

w(vi, ve) = dt(v;) X P(vj, vc)

@)

Here, dt(v;) is the weighted degree of vertex v; in the topological
graph, i.e., the original graph before adding attribute centers as
dummy vertices. This weighing scheme is designed to balance the
weights between attribute information and topological information
for each vertex in the augmented graph at the initial stage.

3.2 Weight Learning with Modularity
Maximisation

In the augmented graph, both attributes and topological relation-
ships are represented by edges. We therefore use a topological based
clustering method to partition the augmented graph. Intuitively,
densely connected vertices should be in a community as they share
either strong attributes or strong topological relationships, or both.
Modularity maximisation is one of such objective functions that
have shown to be effective [9, 25, 31]. We adopt the modularity
maximisation model from [23]

1 - da(v;) x da(vj)
Q - % IZ]-[AU - —2m

16(vi, vj) (3

where m corresponds to the cardinality of edges in the graph, da(v;),
da(vj) are the weighted degrees of vertices v; and vj in the aug-
mented graph, respectively. A;; is the ij-th component of the adja-
cency matrix of the graph, and A;; equals to edge weight if vertices
v; and v; are adjacent, and 0 otherwise. 5(v;, v;) equals to 1 when
v; and v; belongs to the same community, and to 0 otherwise.

In our implementation, we adopt the Louvain [4] algorithm for
modularity maximisation. At beginning, each vertex is assigned
with an individual community. In every iteration, each vertex is
compared with its neighbours’ community assignments, and as-
signed to the one with maximum modularity gain. The computation
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of modularity gain is based on the weights of the edges and we
refer to [4] for details.

On augmented graph, vertices are partitioned on both attributes
and topological relationships. Since both types of relationships are
represented by edges, there are three situations that two vertices
are assigned a same community through modularity maximisation:
(i) They are densely connected and they have strong attribute re-
lationships. (ii) They are densely connected but they have trivial
attributes relationships. (iii) They are not densely connected but
their attributes relationships are strong enough to connect them.

In a real life network, some attribute relationships could be triv-
ial for many communities, e.g., the merchants who have loans are
connected based on this ‘haveLoan’ attribute and this attribute is
only useful when clustering business loans community. We want
to minimise the influence from such attribute relationships when
it is trivial. At the same time, we aim to increase the importance
of meaningful attribute relationships. To this end, we propose an
unsupervised weight learning algorithm, align with modular-
ity maximisation objective, to automatically adjust the weights
for attribute relationships according to their contributions in the
clustering.

Assume most of vertices from a same attribute center have been
assigned to the same community in an iteration, then it indicates
that the attribute based relationship from this attribute center pro-
vides positive contribution in our community detection task. In
opposite, if most of vertices from an attribute center have been
assigned to a large number of different communities, then this at-
tribute based relationship is very weak and might introduce noise
to our task. The weights of belongingness edges to attribute cen-
ters therefore can be adjusted accordingly. To update weights of
belongingness edges, we first calculate a clustering contribution
score for each attribute center.

The contribution score for an attribute center, denoted by ©,, is
Val
Cal
to this attribute center; Cy is the set of communities that the member
vertices in V, are assigned to, through modularity maximisation in
the current iteration. The value of @, is bounded between 1 to |V,]|
as |C,| varies from 1 to |V |. The more vertices an attribute center
connects, the higher potential contributions this attribute center
will have. That is, an attribute center connecting to 10,000 vertices
and all its vertices distributed in the same community contributes
more than an attribute center who connects only 10 vertices in the
same situation.

To meet the constraint that the total edge weights does not
change, ie, ¥ with =3 t*1 is the weight of a
belongingness edge in iteration t + 1, we redistribute the weights
belongingness edges as follows:

calculated through 9, = . V, is the set of vertices that connect

wf, where w
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Oq

dwi = 5o X W w=>w (4

THEOREM 1. In each iteration, the weights are adjusted towards
the direction of increasing the modularity objective

witl =

1
; E(wf +5wl-t)

Rewriting the modularity maximisation (Equation 3) on this
augmented graph, we have

0= 50+ 00
m
- _ da(vy) x da(vr)
Qs =5 2 [Ask 5 16(vz, vge) )
1 da(vy) x da(y)
Qu = 5= Yy = 501, 0y)

ij
where v}, vy are vertices belonging to a same attribute center and
v;,0; are vertices belonging to different attribute centers. (-, -) is
the same as in Equation 3, and its value is 1 if the two vertices are
in the same community and 0 otherwise.

The modularity of a graph is in proportion to the sum of differ-
ences between connections and expected connections from every
pair of vertices that are in a same community. In the above equation,
we use Qs to represent the sum of modularity calculated from the
pairs of vertices in a same attribute center and uses Qg to repre-
sent the sum of modularity calculated from the pairs of vertices in
different attribute centers. In weight learning, it only affects the
modularity of Qs while not the modularity of Q. Note that in each
iteration, an attribute center will also been assigned to one of its
member’s communities according to its relationships with its mem-
bers. When we increase the weights of attribute relationships from
an attribute center, we are increasing Aj; between the member
vertices to that attribute center. In this way, we increase Qs more
as most of vertices are likely to be assigned into the same commu-
nity with their attribute center. In opposite, when we decrease the
weights of attribute relationships, Q4 decreases less since most of
vertices connect to that attribute center are assigned into different
communities. After each iteration, the modularity will be compared
with the value in the previous iteration. The learning algorithm
converges once there is no more modularity increase in an iteration.

4 MODULARITY REFINEMENT

We now present the last step in AGGMMR framework, modular-
ity refinement, to optimise our partition result from the greedy
modularity maximisation model.

4.1 Drawbacks of Greedy Method

Greedy modularity maximisation reduces the computation cost
significantly, however, the quality of result highly depends on the
order of processing.

Greedy modularity maximisation process can be demonstrated
from the perspective of dynamic programming. To find the commu-
nity assignments which maximise the global modularity of a graph
G, in each step, we assign a vertex into one of its neighbours’ com-
munities. Naturally, the sub problems of this dynamic programming
is to find optimal community assignments for previous n vertices.
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Figure 2: The effect of processing order in an example graph
(edge weight not indicated in the graph, best view in color).

This recursion can be expressed as

Qln] = max(Q1[n — 1] + gn-1,n, Q2[n — 2] + gn-2,n (6)
The Qi [n — k] represents the optimal community assignments for
previous n — k vertices while g,,_ , represents the later k vertices’
assignments. In this greedy method, this recursion is

Qln] = Qi[n - 1]+ qn-1,n ™)
The community assignment of current vertex depends on the previ-
ous assignments. We assume the previous assignments for n—1 ver-
tices are always the optimum solution even after we have assigned
the current vertex. However, this is not true and the assignments
for initial vertices are not always reliable. In first iteration, when
we process the first half vertices, we have no information about
remaining vertices’ community assignments. That is, the greedy
method only takes very limited information when it processes most
of vertices in the network. This process may easily trap the re-
sult into a huge different local optimum due to a domino effect. In
following iterations, even we have already obtained all vertices’
community assignments, the situation will not get better due to a
mutual effect.

Assume vertices v, and v, are processed after vertex v,, and
both are assigned into the same community with v,. When we re-
evaluate v,’s community assignment, the community assignments
of vertices vy, and v, will back affect vertex v,’s community re-
assignment by keeping it from re-assigning to other communities.
We define such effect as mutual effect. We use an example in
Figure 2 to further illustrate this.

In Figure 2, the number on each vertex represents its order of
processing. Each colour represents an individual community as-
signment. At step (1), each vertex is initialised to its own individual
community. Then every vertex is compared with its community
assignment with neighbours’ communities according to its modu-
larity gain. When processing vs3 in step (3), it has neighbour vertices
vy, v7, vg and v1g. At that moment, vertices vg, v9 and v1g are in
their individual communities because they have not been processed.

In the ideal result, indicated by ground truth, vertices vg, v9 and
v19 are in the same community with v, according their connectivity.
Thus v3 should also be assigned to the same community for its
dense connections with vy, vs, v9 and v19. However, at step (3), we
do not have those information. In the end, v3 is assigned to the
same community with v7. This assignment also influences further
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After
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Figure 3: Example of Refinement (best view in color)

assignments after we processing vs3. As in this example, vertices vs,
v7, and vy eventually form a community in step (7).

This scenario happens frequently since the earlier assignment
of a vertex, the less information can be used for that assignment.
A single edge with large weight will easily trap two vertices into
a bad assignment when we do not have enough information. In
a payment network, one occasional transaction involving a large
amount will trap two merchants into the same community and thus
affect further assignments.

4.2 Modularity Refinement

Completely getting rid of the aforementioned scenario i.e., finding
the optimum solution for a modularity maximisation problem, is
np-hard and not practical. However, we can do an effective greedy
refinement to optimise the result as much as possible. The idea of
refinement is to give each vertex a second chance to re-assign its
community after we have the whole picture of assignments, and
at the same time to eliminate mutual effect when re-assigning a
vertex.

In refinement, all vertices’ community assignments will be re-
evaluated in the same order from previous iteration. When re-
evaluating a vertex v;, v; will be compared with three types of
neighbours: (i) a neighbour has the same community assignment as
v;, assigned before v;’s assignment, (ii) a neighbour has same com-
munity assignment as v;, assigned after v;, and (iii) the neighbour
has different community assignment from v;.

We temporarily mask a neighbour who is assigned the same com-
munity after v; an individual community. The masked vertices are
those whose community assignments are directly affected by the
current vertex v; in the greedy modularity maximisation process.
Note that those vertices processed after v; but have different com-
munity assignments from v; are not masked. Now, we re-evaluate
v;’s community assignment. If v;’s assignment is changed to one
of its neighbors, say v,’s assignment, because of largest modularity
gain, then we have two possible cases. If v, is a masked neighbor,
then v; keeps its original assignment, i.e., v;’s community assign-
ment is unchanged during the re-evaluation. However, if v, is not
a masked neighbor, then v; will be re-assigned to v,,’s community.

Figure 3 provides an example to illustrate how refinement works.
In ground truth, vertices v3, v19 belong to the blue community on
the left, while vertex v7 belongs to black community on the right.
In step (1), we have community assignments of all vertices from
greedy modularity maximisation, and vertex v3 is assigned to a
community with vertices v7 and v19. When we re-evaluate vertex
v3 in step (2), vertices v7 and v19 will be temporarily masked to
individual communities, because they originally were processed
after v3 and at the same time they are in the same community as vs.
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Table 1: Statistics of the four open networks

Dataset Vertices Edges Attributes
Citeseer 3,312 4,732 3,702 binary attributes
Cora 2,708 5,429 1,433 binary attributes
Terrorist 1,293 3,172 106 attributes
SinaNet 3,490 30,282 LDA topics

After the masking, there will be no longer mutual effects between
vertices v3, v7, and v1g. After re-evaluation, vs is re-assigned to the
blue community on the left, since joining into it produces larger
modularity gain than joining either community of v7 or of v19. The
relationship between either v7 or v1¢ to v3 is not strong enough to
continue keeping v3 in their communities once we eliminate the
mutual effect.

To summarize, through this refinement process, we eliminate
the mutual effect but retain all other useful information on the
graph as much as possible. If a vertex is re-assigned to one of those
masked neighbours’ community again, it indicates these vertices
have strong relationships to bound them in the same community.

4.3 Time Complexity Analysis

The whole framework is fast and scalable with a time complexity of
O(nlog n), where n is the number of vertices. For augmented graph
construction phase, the running time required largely depends on
the chosen attribute based clustering algorithm. The good thing is,
the attribute based clustering algorithm is able to run separately on
attributes. The time complexity for our framework itself is linear
to the number of attribute centers and belongingness edges. In
the phases of modularity maximisation and modularity refinement,
it has the same time complexity with Louvain algorithm, runs in
O(nlogn). For the phase of weight learning, it runs in O(n) as it
updates weights for every vertex iteratively.

5 EXPERIMENT ON OPEN NETWORKS

We conduct experiments to evaluate AGGMMR on four publicly
available networks, against five baselines. All the four open net-
works come with ground truth for validation.

5.1 Datasets and Evaluation Metrics

Open Network Datasets. Listed in Table 1, CiteSeer is the net-
work extracted from CiteSeer digital library [30]. Each vertex rep-
resents a publication and an edge indicates a citation relationship.
The binary attributes attached to each vertex show whether a word
in the vocabulary is present or absent. The Cora citation network
also consists of scientific publications, and the binary attributes of
each vertex indicate whether a word in the vocabulary is present or
absent [30]. In the Terrorist attack network, each vertex represents
an attack while the edges connect co-located attacks. Each attack is
described by a set of 106 attributes. The SinaNet is a microblog user
relationship network extracted from sina-microblog website. Each
vertex represents a user and each edge represents a relationship.
Attributes are extracted by LDA topic model that represent users’
topic distribution [15].
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Table 2: Evaluation on Open Network Datasets

‘ Purity ‘ Fscore
Dataset ‘ Louvain DDynamic K-means NAGC CODICIL AGGMMR ‘ Louvain DDynamic K-means NAGC CODICIL AGGMMR
Citeseer 0.7355 0.5041 0.4457 0.7271 0.6760 0.7656 0.7250 0.5896 0.5098 0.7001 0.6595 0.7501
Cora 0.7651 0.5194 0.3811 0.7858 0.7991 0.8342 0.7567 0.4878 0.3992 0.7736 0.7800 0.8238
Terrorist 0.7318 0.7318 0.5209 0.7069 0.7349 0.7504 0.5498 0.5534 0.5192 0.5265 0.5660 0.5892
SinaNet 0.2506 0.3265 0.7684 0.5484 0.6550 0.8131 0.1924 0.3380 0.7462 0.4610 0.6051 0.7653

FScore and Purity. The evaluation metrics used in this paper are
Fscore (or F1 measure) and Purity. F1 is the harmonic mean of
precision and recall. Precision measures the ratio of vertices with
ground truth labels in a detected community, and recall measures
the coverage of vertices with the ground truth label in a detected
community. Purity is the fraction of the vertices belonging to the
community label. It is averaged in a weighted way over different
communities in order to create a composite community purity
measure. A good community detection method should obtain both
high Purity and high Fscore.

5.2 Comparison Methods

We compared the proposed AGGMMR with Louvain [4, 16], Dis-
tance Dynamics [31], NAGC [20], CODICIL [27] and K-means. K-
means is the most widely used and efficient attribute based cluster-
ing algorithm. Louvain is one of the most widely used modularity
based method which is not only well known in research commu-
nities but also in industries due to its good scalability and quality
performance. AGGMMR also utilizes Louvain for modularity max-
imization on the augmented graph constructed in the first step.
Distance Dynamic is a state-of-the-art algorithm detecting com-
munity naturally through vertices’ interaction dynamics. NACG
is the state-of-the-art non-negative matrix decomposition based
community detection algorithm that takes both attributes and topo-
logical information into consideration. CODICIL is a three-step
framework that transforms attributed graph into a nearest neigh-
bour based augmented graph, and then finds communities with
coherent attributes and topological structure. Compared with tradi-
tional matrix decomposition and generative method, CODICIL is
more efficient and scalable. To summarize, Louvain and Distance
Dynamics only utilise topological information for partition while
K-means only uses attribute information for partition. NACG and
CODICIL partition the graph by utilising both types of information.

Since K-means algorithm requires K as input. We set K the same
value as it is in ground truth and also tested those K values detected
by algorithms that do not need number of clusters as input in order
to compare with them. For CODICIL algorithm, we set parameter
N as 50 which is the value suggested by authors, and we perform
parameter search for « from 0.1 to 0.9 to balance the weights from
two types of information.

5.3 Results

From the results reported in Table 2, AGGMMR outperforms all
five baselines on all four datasets, on both measures. The results
also show that all methods based on both attributes and topological
information have better and consistent performance in general. Due
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to the existence of inconformity between attributes and topological
information, a method that focuses only on a single type of infor-
mation may achieve a higher quality result on some datasets. For
instance, on SinaNet network, attributes are user’s topic distribu-
tion which are directly related to users’ labels. K-means algorithm
achieves a much better results than other baselines because of the
usefulness of the attributes for clustering.

6 CASE STUDY ON PAYPAL APAC NETWORK

After showing good results on open networks, we now present a
case study on a large scale network from PayPal. We illustrate how
our framework can be adapted to handle complex attributes on
large complex networks.

PayPal is a global leading company that provides international
payment services. It has a unique two-sided payment business
with a large network connecting both consumers and merchants.
The goal of our case study is to uncover merchant communities
in PayPal’s APAC network using both attributes and topological
information.

6.1 PayPal Networks

We use two PayPal internal datasets with (partial) ground truth
labels in this case study. The Philippine Network consists of
1.5million users with 2million transactions between those users.
All merchants in this network are located in Philippine while the
consumers are from all over the world. It is a subset of the APAC
network which contains a large number of freelancer businesses.
The APAC Network consists of 100million users with 1.5billion
transactions between those users. This network includes all mer-
chants located in the APAC region while the consumers are from
all over the world.

A user (i.e., a vertex in the network) here can be either a mer-
chant or a consumer. The edges are weighted by the amount of the
transaction between the two users. We leverage a set of 68 attributes
associated with majority of merchants in our case study.! Those at-
tributes contain general information about merchants’ business and
the PayPal products they have used. However, not all attributes are
available for all merchants, i.e., there are many missing attributes
and missing values as expected.

6.2 Handling Complex Data Types

Attributes in PayPal network are in various different data types. For
example, a merchant’s business region is a categorical value while
its payment volume through a specific PayPal product is numerical.

!The attributes are produced internally. Due to privacy consideration, we masked the
schema of those attributes.
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Clustering on attributes with mixed types is challenging. Neverthe-
less, our framework is flexible enough to adapt different methods
for attribute clustering. In this case study, we use K-prototype al-
gorithm to cluster attributes and construct the augmented graph.
k-prototype extends k-means clustering algorithm and is efficient
for clustering large data sets with mixed attribute types [14].

Besides mixed data types, in our data set, there are two additional
special data types that are unable to be processed directly by tradi-
tional data processing algorithms. One is many-value categorical
attribute and another is multi-value categorical attribute. The
former refers to attributes that contain a large cardinality of val-
ues. For example, the value of “country code” may contain more
than one hundred country codes. One hot encoder on this type of
attribute leads to sparse latent dimensions which decreases clus-
tering performance. The latter, multi-value categorical attribute
refers to attributes that contain multiton values. One example is
attribute “product bundle”. Each value of it is a set of singleton
values such as product A, product B. Those complex data types need
to be specially handled before it can be used for clustering. We
extends k-prototype algorithms for this purpose.

The k-prototype algorithm clusters data against k prototypes
instead of k means. Each prototype is represented by a vector which
is a combination of numerical attributes and categorical attributes.
In each iteration, it updates numerical attributes by their means
while updates categorical attributes by their modes. In k-prototype,
the distance between a vertex v; and a prototype v, is defined by

my me
d(vi,vp) = Y (o, —vh ) +y D 805, 08)) ®
Jj=1 j=1

where m, is the number of numerical attributes, virj and v; ; are
values of a numeric attribute of v; and v, respectively. m is the
number of categorical attributes and vfj and v;j are values of a cate-
gorical attribute. y is a weight balancing the two types of attributes.

C C — 3 c _ c c c — 3
5(vij,vpj) =0 1fvij =05 and 5(vij,vpj) = 1 otherwise.

Modified distance measure. Simply uses 1 to indicate the differ-
ence between two different categorical values (i.e., 5(vl.cj, ¢ j)) fails
to reflect the attribute’s value distribution. Further, this equation
is inadequate to handle many-value and multi-value categorical

attributes.

EXAMPLE 6.1. Suppose a categorical attribute have 3 possible val-
ues: A, B, and C. Among 10 vertices, 8 vertices have value A while 1
vertex has value B and another has value C. Intuitively, the difference
between value A and value C (or A and C) should larger than the dif-
ference between value B and value C if we consider their distributions.

To retain categorical value distribution, and to handle multi-
value and many-value categorical attributes, we normalize attribute
values as follows in this case study.?

o Numerical attributes are normalize by z-score normalization.

e Categorical attributes are encoded by one hot encoder and
normalized by z-score normalisation (Normalization may
loss interpretability but depends on application).

e For multi-value and many-value categorical attributes, we
normalise each singleton value by z-score normalisation,
and store each value as a (categorical value, z-score) pair. A
multi-value attribute is stored as a set of key-value pairs.

2Other forms of normalization than z-score normalization can be applied as well.
Whether to normalize a categorical attribute depends on the needs from application.
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The distance between a vertex v; and a prototype vy is redefined
as:

m;, me
d(vi,0p) = Y I} = o7 DIl + Y IS - o8 IS5, 05 )
~ = ©)

my mq
EDRCHEHEI [CHERI ICHRN
Jj=1 Jj=1

In above equation, * denotes normalized values. v* is a value of
multi-value attribute and v represents a value of many-value at-
tribute. With respect to the original distance, we use the difference
of normalized values between two categorical values to represent
their distance, instead of 1.

For multi-value attributes, each value is a set of key-value pairs.
We calculate their distances using weighted Jaccard distance J.

Lixed;ng, W)

10, 0p) =1 - —F——
bop Lyeoug, W)

(10)
Here w(x) is the normalized value of x. Weighted Jaccard distance,
values in the range of [0,1], measures the dissimilarity between two
multi-value attributes.

Prototype Updating for Categorical Variable The original k-
prototype algorithm updates a categorical attribute of a prototype
in two steps: (i) calculate the frequency for all categories, and (ii)
assign the prototype the category with highest frequency.

This updating scheme can be directly extended to many-value
and multi-value attributes. For multi-value attribute, the value of
a prototype is a set of singleton values. It means that we need to
choose multiple singleton values as a set, to update it in an iteration.
For example, given 4 attributes, each has its 4, 5, 4, 3 singleton values
respectively, listed in a column.

1,1 €21 €31 C41
CL,2 €22 €32 €42
1,3 €23 €33 €43
1,4 €24 C34

€2,5

If k is 3, we assign 3 prototypes with 4 multi-value attributes as:3

1= {{ey 1,013} {ea 1,02}, {e32}, {ea 1, c4,3} ),
P2 = {{cr,2} {23, c2,4}, {c3,2}, {cq 2},
p3 = {{cn,a}, {c2,2}, {c3,3, ¢34}, {ca3}}

A singleton value is considered frequent if it is shared by majority
vertices in a cluster. Based on this intuition, multi-value attribute
can be updated in two steps: (i) calculate frequencies for all singleton
values of one multi-value attribute, and (ii) assign to the prototype
the set of singleton values where each value is shared by more than
half vertices in the cluster.

In other words, when a value is shared by more than half of
vertices in a cluster, it will be updated to the prototype because it
is considered a common feature to that cluster. One concern is that
whether we can avoid updating two mutual exclusive singleton
values to a single prototype at the same time. The answer is positive
and stated below.

3The values in this example are randomly assigned for purpose of illustration.
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LEmMMA 1. Two frequent values updated to prototype will never be
mutual exclusive.

It can be proved by contradiction. Two singleton values are
mutual exclusive if they are unable to appear in a same multi-value
attribute instance. Let us assume two singleton values v; and v
are mutual exclusive and both of them have been chosen to update
to a prototype in a cluster. So there are more than half vertices
containing value v; and more than half vertices containing value
vy. To satisfy both conditions, at least one vertex shall contain
both v and vy, which contradicts with our assumption. As a result,
our model does not take mutual exclusive values when updating a
multi-value attribute for a prototype.

6.3 Analysis of Clustering Results

There are many challenges when we run community detection
algorithms on real PayPal network compared to running on open
data sets. The attributes in PayPal’s network provide very important
information for clustering. However, not all merchants have all
attributes available and at the same time there are aforementioned
special attribute types. Those methods that solely rely on attributes
and methods require all vertices to have the same set of attributes
are not directly applicable on this network.

In our case study, we compare AGGMMR with Louvain and
CODICIL. Louvain is known for its scalability and it only uses
topological information for partition. So it can be directly applied
to our network. For CODICIL, instead of using union edges to
replace all original edges, we calculate union edge for vertices who
have this set of attributes and left other edges with their original
weights. With this minor modification, CODICIL is able to run on
PayPal’s network without any additional assumptions. However,
due to the large complexity for calculating nearest neighbours for
each vertex in CODICIL, we did not manage to run it successfully
on our APAC data set, the data with 100 million vertices.

The Purity and FScore results plotted in 4 show that AGGMMR
yields much better results than the two baselines. As Louvain algo-
rithm neglects attributes information, it only detects community
with dense connections. The CODICIL algorithm does not perform
as well as expected even it considers both types of information.
There might be two possible reasons. First is that CODICIL algo-
rithm prunes information on the graph to reduce computation cost.
As the result, a lot of information is pruned if we force it to run on a
very large graph. The second possible reason is that it does not well
handle the noise from the unconformity between attributes and
topological information in our network. Simply combining both
types of information may not always given better performance.
AGGMMR tends to cluster communities that conform from both
types of information; it is robust to handle these scenarios. Our
internal evaluation of communities detected by AGGMMR shows a
strong goodness of fit with existing professional knowledge.

6.4 Analysis of Weight Learning

Figures 5(a) and 5(b) report weight changing in the weight learning
phase on PayPal network. Since belongingness edge weights are
changed based on each attribute center, we selected 10 attributes
center’s average weights ((Swif in Equation 4) to analyze their up-
dating by iterations. Half of them are attribute centers that have
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largest positive weight changes and others are the centers that have
largest negative weight changes. Those centers with largest positive
weight changes are those centers whose members are distributed
in very small number of communities by modularity maximisation.
This is consistent with our expectation. If an attribute center con-
tains large number of members, and most of them concentrate on a
small number of communities, it indicates the attributes relation-
ship for this attribute center provides a very positive contribution
in clustering. The attribute centers with largest negative weight
changes are those centers whose members are distributed into dif-
ferent communities. The connections from those attribute centers
provide trivial information or even noise. These attribute centers
would be adjusted to much smaller weights automatically in our
weight learning phase.

6.5 Analysis of Modularity Refine

Figures 5(c) and 5(d) show the trend of modularity refinement when
running AGGMMR on PayPal network. The modularity score from
Louvain method is also plotted as a baseline for comparison. We ob-
serve that the modularity score is continuously increasing through
the whole process of our refinement, and there always exists a
significant modularity increase at the first iteration of refinement.
It illustrates the fact that in most of cases, a small number of false
assignment caused by poor processing ordering would result a
huge different result. Such cluster assignments can be effectively
refined through our greedy refinement process in a small number
of iterations.

7 CONCLUSION

In this paper, we propose a practical framework for community
detection based on attributes and topological information for large
network with mixed types of attributes. The attributes information
can be effectively captured and transformed into an augmented
graph through attribute clustering. After that, a weight learning
process is designed to automatically adjust weights from those at-
tributes information according to their contributions to clustering.
A greedy based modularity maximisation algorithm is adopted to
partition the graph based on both types of information and finally
a modularity refinement process is introduced to optimise the re-
sult effectively. Experiments on different open data networks and
real industry case studies on PayPal’s large networks demonstrate
that our proposed framework is effective and practical in industry
applications.
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