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Competitive Analysis with Graph Embedding on Patent Networks

Yunli Wang!, René Richard? and Daniel McDonald?

Abstract— Advanced competitive analysis is increasingly be-
coming important in business analytics. A key component of
strategic research is to collect and review information from
multiple unstructured sources to identify major competitors and
their technology development trends. Topic modeling techniques
such as Latent Dirichlet Allocation (LDA) have been applied to
competitive analysis, which mainly use the semantic similarities
between documents to infer competitive relationships. In this
study, we propose using graph embedding methods to learn
the implicit competitive relationships between firms. Using
patent networks with patents and organizations as nodes, we
learn the embeddings of nodes, and then cluster organiza-
tions into groups. Organizations within the same groups are
considered competitors. We applied three graph embedding
methods: node2vec, metapath2vec, and GraphSAGE to learn
node embeddings. Two of these methods use the structural
information in patent networks: node2vec for homogeneous
networks and metapath2vec for heterogeneous networks. While,
GraphSAGE uses both the structure and content information
in the patent network. The results are compared with a baseline
author-topic modeling method. The graph embedding methods
outperform the author-topic modeling approach in learning the
competitive relationships. A case study, examining the evolution
of competitors over multiple years, shows the graph embedding
method learns meaningful node embeddings.

I. INTRODUCTION

In the modern world, business competition is becoming in-
creasingly fierce for limited resources and market share in all
industries. Identifying competitors is critical for companies
to make decisions and strategic plans. Competitive analysis
involves identifying competitors and technology trends of
competitors by collecting their business data and information.

Patents can be used as an important source for competitive
analysis since they protect a firm’s inventions from inception
to monetisation and are often a constituent part of a firm’s
current and future industrial directions. Patent data has
been used for mining competitive relationships using topic
modeling methods [17], [19]. A patent is represented as
a multinomial distribution of words in a topic model, and
an organization is considered as a mixture of topic models
from all patents owned by this organization. The compet-
itive relationships between organizations are learned from
the topic models of organizations. Therefore, topic models
mainly utilize the semantic similarities between documents
to infer the competitive relationships. This approach does not
make use of graph-structured data in patent networks.
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In this study, we propose to use graph embedding methods
on competitive analysis. Graph embedding, also called rep-
resentation learning on graph, learns a mapping that embeds
nodes, or entire sub-graphs, as points in a low-dimensional
vector space. Graph embedding methods are usually used for
node classification[10], node clustering [3], link prediction
etc, and has been applied in many applications such as
recommender systems [20]. To our knowledge, no other
studies have used graph embedding for competitive analysis
using patent data. We formulate the competitive analysis as a
node clustering problem in patent networks. Patent networks
are heterogeneous networks composed of different types of
nodes and links. We applied three graph embedding methods:
node2vec [5] for homogeneous networks, metapath2vec [3]
for heterogeneous networks, and GraphSAGE [6] for incor-
porating the node features in our study. node2vec and meta-
path2vec use only the graph structure, while GraphSAGE
uses both the graph structure and node features in learning
the node embeddings. Using multi-year data, our approach
is able to capture the dynamic nature of shifting competitor
relationships over time. This results in the unique capability
of investigating changing competitor relationships as they
evolve.

II. RELATED WORK

The challenge in competitive analysis is to extract useful
information from a large amount of unstructured documents
in an unsupervised manner. Document classification, docu-
ment summarization, and clustering can be used to identify
structures in larger text collections. Topic modeling is a
popular document clustering approach. In previous work on
competitive analysis, topic models and their extensions have
been used to discover competitor relationships. Two basic
statistical topic models are Probabilistic Latent Semantic
Analysis (PLSA) [8] and Latent Dirichlet Allocation (LDA)
[1]. As an extension of LDA, Tang et al. proposed topic-
driven patent analysis and mining methods [17], in which
both global competitors and topic-level competitors were
learned. Yang et al. proposed a Topical Factor Graph Model
(TFGM) for mining competitive relationships in heteroge-
neous networks, combining the PLSA and factor graph [19].
Wang et al. used an LDA model to extract competitors from
patent data and validated the effectiveness of the model on
next generation telecommunication technology [18].

In recent years, graph embedding (network embedding)
has been widely used in node classification [10], link predic-
tion [15], event detection [12], recommender systems [20],
and on-line learning [11], but few studies have used it for
competitive analysis. Many representation learning methods



have been proposed such as DeepWalk [13], LINE [16],
and node2vec [5]. The goal of graph embedding methods
is to optimize the mapping from nodes in graphs to low
dimensional vector space, so that the similarities in the
embedding space approximates the similarities in the orginal
graph. Some studies have used graph embedding methods
for patent classification. Fu et al. proposed HIN2vec, a
method for generating vector representations of nodes in
heterogeneous networks, and applied the method on patent
classification and link prediction [4].

The majority of graph embedding methods use a “shal-
low” encoder-decoder architecture. Recently, graph neural
networks (GNN) adopted a deep encoder for generating node
embeddings from local neighbors. GNNs use neural networks
such as convolutional networks for neighborhood aggregation
functions. They differ in how they aggregate information
from a local neighborhood. Graph convolutional networks
(GCN) share the parameters between one node and its neigh-
bors and also normalize across all neighbors in aggregation
function [10]. GCNs have been applied to semi-supervised
node classification and link prediction. GraphSAGE was
designed for graph embeddings for large scale networks and
can be trained for node classification using a supervised or
unsupervised approach.

In this study, we build a heterogeneous network consisting
of different types of nodes and links. Patents and organi-
zations are represented by vertices. The patent-patent and
patent-organization relationships form the links. Organiza-
tions and patents have a hierarchical relationship in this
heterogeneous network. We use graph embedding methods
to learn the implicit competitive relationships between or-
ganizations. Our approach is different from [4], which used
different types of links in patent networks to learn patent
embeddings for patent classification. Our study perform node
clustering by learning organization embeddings. Addition-
ally, we compare the graph embedding methods with topic
models, which learn the implicit topics and organization topic
distributions.

III. METHOD

We adopted three graph embedding methods: node2vec,
metapath2vec and GraphSAGE to learn the implicit com-
petitive relationships on patent networks. The patent net-
work includes nodes representing patents, organizations, and
patent groups expressed as patent classification codes. The
network nodes are linked by patent-organization and patent-
patent group associations. In addition, we used an author-
topic model as a baseline in our study since it captures
the semantic similarities of patents in patent networks. As
far as we know, the author-topic model has not been used
for competitive analysis. This section initially introduces the
author-topic model, then describe the three graph embedding
approaches used in our competitive analysis approach.

A. Author-topic model

The author-topic model is an extension of the Latent
Dirichlet Allocation (LDA) model [1]. In the LDA model, a

Fig. 1: The architecture of graph embedding methods

distribution over topics is sampled for each document from
a Dirichlet distribution. For each word in the document, a
single topic is chosen according to this distribution. Then,
each topic is sampled from a multinomial distribution over
words specific to the sampled topic. The author-topic model
uses a topic-based representation to model both the content
of documents and the interests of authors [14]. It extends
LDA to author modeling by allowing the mixture weights
for different topics to be determined by the authors of the
document. For each word in the document, an author is
chosen uniformly at random. Then, as in the topic model,
a topic is chosen from a distribution over topics specific to
that author, and the word is generated from the chosen topic.
We trained a author-topic model on patent data by treating
patent abstracts as documents and patent-owner organiza-
tions as authors of the documents. The method uses patent
abstracts in addition to structural information that exists
between organizations and patents to represent the collection
of documents. Although the author-topic model ignores some
structural components such as links between patents and
patent groups, it does utilize other structural information as
well as semantic information. In our study, the author-topic
model simultaneously models the content of patents and the
business interests of organizations. It is a statistical model for
unsupervised learning of the organization topic distributions.
From the organization topic distributions, we calculate the
Hellinger distances between organizations and use k-medoids
to cluster organizations. The Hellinger distance between
two distributions p and ¢ is represented as: H(p,q)

% \/ 2521(\/?97 — /qi)?, and the similarity between p and

q is calculated as: S(p,q) = #W’ Organizations within

the same clusters are considered to be competitors.

B. Graph Embedding Approaches

In a network, the goal of graph embedding is to optimize
the mapping of nodes to low-dimensional vectors where geo-
metric relationships in the learned embeddings space reflect
the structure of the original groups. The input of a graph
embedding algorithm is an undirected graph G = (V, E, X)),
where V' are sets of nodes, E are sets of edges, and node
attributes are represented as X € R™*!VI. Node embedding
approaches map nodes v; to low dimensional vectors Z,,, €
R?. Most these methods use an encoder-decoder framework,
in which the encoder maps nodes to vector embeddings, and
the decoder decodes a graph proximity measure from node
embeddings (Figure [T).



1) node2vec: The node2vec method treats the input
network as a homogeneous network and uses a second-
order proximity. The first-order proximity is based on direct
neighbors, while the second-order keeps the neighborhood
structure of the nodes in a graph. node2vec samples neigh-
bors using a random walk generator, which estimates the
similarities between nodes v; and v; in embedding space
based on the probability that v; and v; co-occur on a random
walk over the network. The probability of visiting node v;
on a random walk starting from node v; using some random
walk strategy is expressed as :

eV ea:p(Zg;Zni)

p(vjvi) = 5 (1)
Where Z,, and Z,, are embedding vectors of v; and v;, and
Zy, represents the embeddings of neighbors n;.

node2vec uses a second-order biased random walk genera-
tor, which samples nodes based on both the current node and
previously visited nodes. node2vec finds the node context
with a hybrid strategy of breath-first sampling (BFS) and
depth-first sampling (DFS). BFS random walks are effective
for capturing structural roles whereas DFS walks are capable
of capturing community structures [7]. node2vec optimizes
random walk embeddings based on a loss function (Equation
@), in which o is the sigmoid function, k is the size of
negative sampling, and n; are sampled from Py, which is a
random distribution over all nodes. The first part of the loss
function minimizes the predicted probability of v; and v;
co-occurring on random walks and the second part reduces
the number of pairs that need to be normalized in the loss
function using the skip-gram model with negative sampling.

k

L= —log(a(Z} Z,,)) + Y _log(c(Z}, Zy,)),mi ~ Py
veV i=1
)

We formulate the competitive analysis problem as an
unsupervised clustering problem. From patent networks, we
generate organization embeddings using node2vec and then
cluster organizations into groups based on organization em-
beddings. Organizations within the same group are consid-
ered to be competitors. node2vec only considers the network
structure and does not consider different node and link types.
Patent networks are typically heterogeneous and composed
of different types of nodes or links. In addition, organiza-
tions in these networks have a hierarchical relationship with
patents.

2) metapath2vec: In many real-world situations, networks
are heterogeneous with multiple types of nodes or edges.
metapath2vec was designed to learn embeddings in such
networks [3]. Given a heterogeneous network, G = (V| E),
each node v and each link e is associated with V. — Ty,
and E — T'r. Where Ty, and Tz denote the sets of objects
and relation types, with |Tv | + |Tg| > 2.

In metapath2vec, meta-path-based random walks and het-
erogeneous negative sampling were used to learn the em-
bedding of different types of nodes. A meta-path scheme

P is represented as V; — Vo — .. — Vi... — V.
For example, meta-path “APA” represents co-authorship on a
paper (P) between two authors(A). The transition probability
at step ¢ is defined as:

moem @) € Bt e Vi
+1, 0 (v, 0)) € B,otth ¢ Vi
p M, P)= 0 (vit1,0}) ¢ E

3)
Where N;yq(vi) denote Vi1 type of neighbors of node
vi. vl € V; and v**! € V;,; mean walks need to follow
the pre-defined meta-path P. metapath2vec learns the node
embeddings by maximizing the probability of having a het-
erogeneous context. After generating meta-path-based ran-
dom walks, metapath2vec uses the heterogeneous negative
sampling in which the softmax function is normalized with
the node type of context c;.

exp(ZL Ze,)
exp(ZL Zy,)

pleefvi) = 5 “4)

n€Vy

Where V4 is the node set of type ¢ in the network, Z,, is the
embedding vector of v;, and Z,,, is the embedding vectors
of node type t. metapath2vec generates sets of distributions
P, corresponding to type of neighbors. The loss function of
metapath2vec is defined as:

k
L= —log(o(Z} Ze,))+Y_log(o(Z}, Zn,)),nf ~ Pi(ny)
veV i=1
(5)

Where different type of nodes n; are sampled from distri-
butions P;(n;).

Adopting metapath2vec on patent networks leverages the
node types in generating meta-path-based random walks
and learning node embeddings. The frequent meta-paths on
patent networks are “PGP”, which represents two patents
(P) in the same patent group (G), and “POP”, which
indicates two patents belonging to the same organization
(O). The meta-path for inferring competitive relationships
is “OPGPO”, which represents two organizations having
patents in the same patent group.

3) GraphSAGE: The above two methods, node2vec and
metapath2vec, map nodes to low-dimensional embeddings,
but they do not incorporate the node features. They in-
corporate the structural information about a node’s local
neighborhood directly into the encoder. We assume that using
the patent abstract of each patent along with the graph-
structure in patent networks can improve learning the similar-
ity of nodes in embedding space. Therefore, GraphSAGE was
chosen for the graph neural network model to incorporate
node features since it can be trained in an unsupervised way.

In general, GraphSAGE uses three steps for generating
node embeddings: sample neighborhood, aggregate feature
information from neighbors, and predict graph context and
label using aggregated information [6]. To adapt to large
scale networks, GraphSAGE uniformly samples a fixed-size
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Fig. 2: The architecture of aggregation information from
neighbors in GraphSAGE

set of neighbors for each node. To learn node embeddings,
GraphSAGE uses multiple layer neural networks to aggre-
gate information from neighbors (Figure [2). In the training
process, the initial layer (Layer 0) of the neural network is
assigned as the node features X. The node embeddings Z,,
are aggregated from the direct neighbors in Layerl and the
second order neighbors in Layer(O using aggregation function
G. GraphSAGE concatenates the node embedding of a node
with neighbor embeddings, and uses mean, max-pooling and
LSTM as aggregators in G [6]. Based on the same architec-
ture of encode-decoder, GraphSAGE has several variations:
GraphSAGE-mean, GraphSAGE-pool, GraphSAGE-LSTM,
and GraphSAGE-GCN based on the aggergator used.

Similar to node2vec and metapath2vec, GraphSAGE is
trained in an unsupervised manner, which enforces that
nearby nodes have similar embeddings in embedding space.
Applying GraphSAGE on patent networks, patent and or-
ganization embeddings are learned based on node features
and the network structure. The node features of patents are
represented as 128 dimension doc2vec vectors [2] generated
from patent abstracts. The node features of organizations and
patent groups are not available, so they are aggregated from
the node features of associated patents.

After node embeddings of organizations are learned by
node2vec, metapath2vec, or GraphSAGE, we use k-means
for clustering organization embeddings. The organizations
within the same cluster are considered to have competitive
relationships.

IV. EXPERIMENTS

In our analysis, topic modeling and graph embedding
methods were used to obtain organization groupings in an
unsupervised manner. These groupings can be thought of
as clusters of competitors. Three graph embedding methods
(node2vec, metapath2vec, and GraphSAGE) were used to
perform the competitive analysis. node2vec, metapath2vec,
and GraphSAGE all generated 128 dimension embeddings

Year | #Patent | #Org
2006 15733 | 1802
2007 11717 | 1673
2008 14328 | 1897
2009 11178 | 1799
2010 17261 | 2182
2011 14364 | 2126
2012 19984 | 2389
2013 20232 | 2523
2014 26761 | 2687
2015 25866 | 2695
2016 28948 | 2729
2017 23059 | 2618
2018 29429 | 2657

TABLE I: The number of patents and organizations 2006-
2018

for organizations using the number of walks and walk
lengths of 100. The similarities between embeddings was
utilized to quantify similarities between organizations. The
graph embedding method results were then compared to
the baseline author-topic modelling results, which used five
topics.

A. Datasets

We used USPTO patent data from 2006 to 2018 for the
competitive analysis E The patent data includes patent, in-
ventor, and assignee (organization) information. Each patent
is assigned to multiple sections, subsections, and groups.
Patent groups are finer-grained classification codes than the
sections and subsections. We used the Cooperative Patent
Classification (CPC) code as patent groups. Large firms
usually have patents in a variety of patent groups while
small firms have patents in few patent groups. One patent
can have several inventors and each inventor is linked to
an assignee. To simplify the patent network, we included
patent-organization relationships and assigned each patent to
only one patent group. The patent networks include three
types of nodes: patents, organizations, and patent groups;
and two types of links : patent-organization and patent-
patent group. One patent network is generated from one-
year patent data. While other patent networks use patent
citation links, we ignore those links since the number of
patent citations within the same year is very small. To reduce
the number of organizations in the analysis, we only included
organizations with at least 10 patents from 2006 to 2018.
Also, we removed patents with no organization information.
In total, the analysis included 280,827 patents in 63 patent
groups from 2006 to 2018.

We split the patent data by year. The number of patents
increased every year while the number of organizations
remained relatively stable (Table [I).

B. Evaluation

To establish a gold-standard for company similarities, we
collected Forbes Global 2000 lists from 2006 to 2018, and

https://www.patentsview.org/download/
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then matched the companies on the Forbes lists with organi-
zations in the patent data. Many companies in the patent
dataset are large public companies posted on the Forbes
Global 2000 list. We used the industry of these companies
on the Forbes lists as the gold standard for organization
groups. Since companies on the Forbes list and the patent
dataset change every year, we had 300~400 organizations
in the patent data matched to companies on the Forbes list,
and resulted in 30~60 industry clusters each year. We only
evaluated the clustering results on matched organizations.

We used Normalized Mutual Information (NMI) and Ad-
justed Rand Index (ARI) to evaluate the clustering results.
Mutual information measures the dependence of two discrete
random variables. It indicates the amount of information
obtained by observing another random variable. We used
normalized mutual information to measure how well the
clustering results of the three models align with the Forbes
list. Rand index measures the similarity between two data
clusters. We used corrected-for-chance version of the Rand
index: ARI [9].

V. RESULTS

Patent networks were generated each year to learn the
evolution of competitors. Since the business direction of a
firm typically remains stable over the years, we included
the patents in current years with patents in previous years
in the same patent network. As the years progress, this
forms incrementally larger patent networks used to learn the
node embedding of organizations and patent groups. This
section outlines the node embeddings learned by node2vec,
metapath2vec and GraphSAGE. The clustering performance
results of the author-topic, node2vec, metapath2vec and
GraphSAGE models are then evaluated each year (Table [II).
Next, the performance of metapath2vec and node2vec is
compared using multiple-year patent networks and single-
year patent networks (Figure [5). Finally, the evolution of
competitors is demonstrated in one case study.

A. Node embedding

node2vec and metapath2vec use different random walk
strategies to learn shallow node embeddings. The node
embeddings of organizations and patent groups of these
two methods in a single year 2009 and merged multiple-
year 2018 patent networks are shown in Figure |3| node2vec
learns node embeddings of patents, organizations, and patent
groups simultaneously using a biased random walk. The
nodes of organizations and patent groups are mixed together
even if we used all patent data in 2018 on node2vec (a
and b in Figure [3). metapath2vec only learns the node
embedding of organizations and patent groups (¢ and d in
Figure 3). metapath2vec uses meta-path-based random walks
and heterogeneous negative sampling, so adjacent nodes on
meta-paths need to be different node types. The negative
sampling is normalized with the node type as context for
nodes. In 2009, the node embeddings of patent groups in
metapath2vec are separated from organizations. This trend

is more obvious using all patent data from 2016 sim 2018
(d in Figure [3).

The node embeddings of organizations generated from
GraphSAGE mixed with patent groups (Figure f), which is
similar to node2vec. The node embeddings of patent groups
are more centralized than those of node2vec, which indicates
the close distance between them. The similarities between
patent groups may be partially caused by aggregated node
features from patent abstracts. Since the computation time
for GraphSAGE is long, only single-year patent data for year
2018 was used to generate b in Figure

B. Single-year patent networks

The clustering results of competitive relationships iden-
tified using four models improve over the years (Table [I).
This may be caused by the number of patents increasing
in recent years, which would reflect the reality of normal
business activity for companies. On average, the author-topic
model was the worst performer. It used patent abstracts to
infer the similarities between companies. All three graph
embedding methods outperformed the author-topic model
although metapath2vec and node2vec only used the structural
information of networks. This indicates that it may be
insufficient to rely simply on textual information to generate
accurate company profiles. Surprisingly, node2vec performed
better than metapath2vec by a large margin. metapath2vec
was designed for heterogeneous networks, and the distance
between same the type of nodes is smaller than different
types of nodes in embedding space (Figure [3). Another
unexpected observation is node2vec performed better than
GraphSAGE, which incorporates the node features from
patent abstracts to generate node embeddings.

C. Multiple-year patent networks

The performance of the metapath2vec and node2vec meth-
ods improves as the models incorporate patent data from
previous years (Figure [5). Every year, node2vec and meta-
path2vec achieved better performance on the cumulative,
multi-year patent network than the equivalent single-year
patent network. node2vec reaches the best performance in
2018 (NMI = 0.657), which includes all patent data from
2006 to 2018. This implies the models learn community
structures better by using patent data from multiple years
simultaneously.

D. Evolution of competitors

We used “Intel Corporation” as a case study to examine
whether the competitors learned using node2vec were mean-
ingful. The evolution of competitors were observed from
single-year and multi-year patent networks. Infel is a multi-
national corporation and the second largest semiconductor
chip manufacturer in the world. Competitors were calculated
using the cosine similarity of normalized node embeddings
between Intel and all other companies each year. The most
similar companies were considered competitors in that year.
The top competitors from 2015 to 2018 are showed in Table
Some well known semiconductor manufactures such as
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(b) GraphSAGE in 2018

o . o Fig. 4: Node embedding of organizations (black nodes) and
patent groups (red nodes) learned by GraphSAGE on 2009
(b) node2vec in M2018 and 2018 patent networks
- :"-a'.."' - .:' -
LTRSS
Ll ":' -t&i £z 3:23, ® - ‘-:' author-topic | metapath2vec | GraphSAGE | node2vec
R e ...%:, 3 ﬁ;};;’—.-. * . Year NMI NMI NMI NMI
e ST IR .:.}-,.{é_':‘_;: < 2006 0.393 0.461 0.473 0.549
< i -,_-;3 AT e T * - 2007 0.409 0.420 0.458 0.544
; R -"._.-;;"ﬁ‘&; a 2008 0.385 0.444 0.447 0.496
- 2009 0.309 0.366 0.388 0.467
o 0 2010 0.337 0.402 0.444 0.523
2011 0.380 0.447 0.467 0.529
2012 0.402 0.468 0.496 0.568
2013 0.420 0.478 0.509 0.582
2014 0.456 0.514 0.525 0.603
2015 0.459 0.501 0.520 0.599
2016 0.483 0.527 0.537 0.604
E 2017 0.499 0.539 0.545 0.604
2018 0.488 0.551 0.535 0.616
- Average 0.417 0.470 0.488 0.560
ARIT ARI ARI ARIT
- 2006 0.023 0.112 0.097 0.192
o 2007 0.048 0.065 0.091 0.222
2008 0.047 0.114 0.101 0.163
: - 2009 0.040 0.080 0.102 0.174
2010 0.044 0.102 0.141 0.202
2011 0.019 0.093 0.096 0.146
(d) metapath2vec in M2018 2012 0.023 0.079 0.113 0.180
2013 0.019 0.086 0.104 0.208
Fig. 3: Node embedding of organizations (black nodes) 2014 0.046 0.096 0.105 0.177
and patent groups (red nodes) learned by node2vec and 2015 0.031 0.077 0.097 0.183
2016 0.026 0.072 0.067 0.134
metapath2vec on 2009 and merged 2018 patent networks 2017 0.034 0.067 0.076 0.135
2018 0.017 0.099 0.068 0.156
Average 0.032 0.088 0.097 0.175

TABLE II: Clustering performance of four models
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TABLE III: Intel competitors from 2015 to 2018 on single

Year

Fig. 5: The performance of node2vec and metapath2vec
on single-year patent networks and node2vecC and
metapth2vecC on multi-year patent networks

QUALCOMM, Broadcom and SAMSUNG were identified as
Intel competitors. Also, new players in the field such as
Huawei ad Tencent were also discovered from single year
networks.

The top competitors from the multiple-year patent network
modeling results are also described in Table The com-
petitors identified from the merged patent networks share
many common companies such as IBM and QUALCOMM.
However, competitors from the merged patent networks
reflect historical competitive relationships. For instance, IBM
was identified as the #1 competitor from the merged patent
networks since /BM has the largest number of patents in a
broad range of areas over many years. Although semicon-
ductor is not the main business area of IBM, the historical
influence is strong on generating node embeddings. Also, the
competitor lists from the merged patent networks are more
stable. That may explain why the performance of clustering
was better on multiple year patent networks. The competitor
lists discovered from both the single and multi-year patent
networks are useful: new competitors can be identified from
single-year data and long-standing competitive relationship
can be explored from multi-year data.

VI. DISCUSSION

The overall performance of either graph embedding mod-
els or author-topic model was low for a few reasons:
difficulty of the task; noise in the data; unbalanced data
distribution; and small datasets. At first, clustering a small
number of companies into a relatively large number of
clusters is a challenging task. Typically, only 300~400
companies were matched with the Forbes list and grouped
into 30~60 industries each year. Second, our data, which
included many domains, was more noisy than the single-
domain data used in other graph embedding studies [3],
[4]. Third, the distribution of the number of patents owned
by each organization and patent group are skewed (Figure
[6). The unbalanced distributions make it harder to learn

and multi-year patent networks
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Fig. 6: Density distribution of patents by organizations and
patent groups

the implicit relationships between high-degree nodes of
organizations and patent groups. Most importantly, only a
relatively small number of patents each year were used
to learn the node embeddings in our study. It shows that
the performance of graph embedding methods to discover
competitive relationships is better on larger merged patent
networks.

A. node2vec vs. metapath2vec

The main focus of this study was to investigate graph
embedding methods and infer implicit similarities between
organizations from explicit relationships between organiza-
tions and patents in patent networks. node2vec performed
better than metapath2vec at this task. metapath2vec utilizes
meta-path-based random walks and heterogeneous negative
sampling to learn node embeddings such that the distance



between nodes of the same type was closer than ones with
differing types (Equation [5). The meta-path random walks
in metapath2vec may be too strict and prevent it from
learning implicit organization relationships. node2vec uses
biased random walk strategies with BFS and DFS. Although
node2vec ignores node types on biased random walks, the
node similarities between organizations are captured.

B. node2vec vs. GraphSAGE

The purpose of using GraphSAGE is to aggregate the
patent abstracts and structural information in graph embed-
ding methods to learn the similarities of nodes. However,
GraphSAGE performs worse than node2vec, which does
not use node features. It may due to two reasons: the
random walk strategy and the aggregation function of node
features for organizations and patent groups. node2vec uses a
hybrid strategy of breath-first sampling (BFS) and depth-first
sampling (DFS) biased random walk. Therefore, it is able to
explore the direct neighbors and also distant neighbors. To
reduce the computational time on large networks, Graph-
SAGE generates node embeddings of each node based on a
uniformly sampling a fixed size neighbors. This strategy may
not be an optimal solution for our task of learning implicit
relationships between patent groups and organizations, which
are not direct neighbors.

Another limitation of applying GraphSAGE in learning
organization embeddings is we simply average node features
of patents owned by an organization to represent the node
features of the organization. The same dimension of node
features of organizations and patent groups as patents was
used, but using 128 dimension vectors to represent organi-
zations and patent groups may not be sufficient to represent
semantic features of organizations and patent groups. The
node features are used for the initial layer of node embedding
in GraphSAGE. The limitations of initial node features is
more obvious because GraphSAGE was trained in an unsu-
pervised way, so there is not enough guidance on learning
node embeddings. Unlike other supervised tasks using graph
embedding such as node classification, the node features of
these aggregated nodes (organizations and patent groups)
were adjusted in the training process to be an appropriate
representation.

C. Parameter Analysis

We performed parameter analysis on all models used in
this study. First, in the baseline model, the number of topics
is the main parameter in the author-topic model. The average
NMI dropped from 0.416 to 0.401 when the number of topics
was changed from 5 to 10. It did not have a large impact
on the overall clustering results with the varied number of
topics.

For graph embedding models, the number of walks and
walk length are major parameters for random walk strategies,
and the dimension of node embeddings and the number of
epochs are the primary training parameters. The number
of walks and walk lengths did have some influence on
the clustering result in node2vec and metapath2vec. The

NMI W10 L8O | W 100 L20 | W100 L100
node2vec 0.545 0.546 0.560
metapath2vec 0.488 0.493 0.488

TABLE 1IV: The influence of number of walks and walk
length on the average performance of node2vec and metap-
ath2vec

GraphSAGE
Avg mean  pooling GCN
NMI | 0.468 0.467 0.488
ARI | 0.083 0.087 0.097

TABLE V: The average performance of GraphSAGE using
different aggregators

performance of node2vec improves with the increase in the
number of walks and walk length, while the clustering results
from metapath2vec does not vary much (Table [V). The
variant of GraphSAGE is mainly on aggregator used for
aggregate messages from neighbors and the neural network
applied. We compared three GraphSAGE variants: mean,
pooling, and GCN, and found GCN, which was used in our
study, works better than the other two (Table .

D. Evaluation

One challenge for evaluating competitive analysis is the
difficulty of compiling a gold standard of competitor rela-
tionships. In our work we only evaluated patent organizations
matched with companies found inside the Forbes lists. This
complication has also been contended with in other related
work. For example, Yang et al. used Yahoo’s company
financial profiles, which provided a static view of competitor
relationships with only a portion being linked to patent
organizations [19]. While the Forbes lists are not a perfect
gold standard, we decided to use them as they are a source
of dynamic groupings of competitors over time, which was
essential for evaluating the evolution of competitors.

VII. CONCLUSION

In this study, we used the node2vec, metapath2vec, and
GraphSAGE graph embedding methods to perform com-
petitive analysis. These models were trained in an unsu-
pervised manner to learn the node embeddings in patent
networks. node2vec and metapath2vec only use the structural
information and GraphSAGE uses the graph structure and
patent abstracts to learn node embeddings. We then compared
results obtained using these methods with the results of the
author-topic method, which infers the similarities of com-
panies using semantic information inside patent abstracts.
The results show the graph embedding methods outper-
formed the topic modeling method. Unexpectedly, node2vec
outperformed metapath2vec and GraphSAGE. metapath2vec
was designed for heterogeneous networks, and it learns
node embeddings in latent space such that similar types of
nodes are close to each other. GraphSAGE learns the node
embeddings in a multi-layer neural network by aggregating
information from neighbors. These three graph embedding



methods use different random walk strategies for sampling
neighbors. node2vec uses a biased random walk strategy
which explores direct and undirect neighbors; metapath2vec
uses meta-path neighbors in different types of nodes; Graph-
SAGE adopts a uniform sample of fix-sized neighbors. The
superior performance of node2vec may be due to its random
walk strategy. Using multi-year patent networks, the results
of competitors identified from node2vec and metapath2vec
are improved. We also show the evolution of competitors in
a case study of Intel from the node embedding learned by
node2vec.

This work applied several well-known graph embedding
methods to uncover implicit competitive relationships be-
tween companies in patent networks. The experimental re-
sults confirm the superior performance of graph embedding
methods over topic models and also identified potential prob-
lems in such applications. For example, how can competitors
in a specific aspect of a technology be identified, which
is useful for analyzing the strength of competitors. Also,
designing an effective graph embedding method on large
scale heterogeneous networks is still challenging. In addition,
graph embedding methods have shown strong performance
on supervised learning tasks such as node classification and
link prediction. However, more studies are still needed to
determine how to learn node embeddings more effectively
in an unsupervised graph embedding model.
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