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Abstract:
Knowledge management is essential to modern organizations. Due to the
information overload problem, managers are facing critical challenges in utilizing
the data in organizations. Although several automated tools have been applied,
previous applications often deem knowledge items independent and use solely
contents, which may limit their analysis abilities. This study focuses on the
process of knowledge evolution and proposes to incorporate this perspective into
knowledge management tasks. Using a patent classification task as an example,
we represent knowledge evolution processes with patent citations and introduce a
labeled citation graph kernel to classify patents under a kernel-based machine
learning framework. In the experimental study, our proposed approach shows
more than 30 percent improvement in classification accuracy compared to
traditional content-based methods. The approach can potentially affect the
existing patent management procedures. Moreover, this research lends strong
support to considering knowledge evolution processes in other knowledge
management tasks.
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1. Introduction

The creation, transfer, and management of knowledge have attracted scholarly interest
from different disciplines for years [21]. Recent information technology advances have
led to increasingly large amounts of data, documents, and other types of knowledge and
information. As a result, managers face more challenges in organizing and managing
knowledge for future sharing and usage [12, 39]. Some typical knowledge management
(KM) tasks include indexing and classifying patents for intellectual property protection
and licensing, analyzing online news articles for decision support, managing technical
documents for research and development, and maintaining employee profiles for team
building.

To facilitate such KM tasks, automated tools such as classification, clustering, and
visualization techniques have been widely adopted [49]. In documents and multimedia
items, the textual and multimedia contents are often regarded as the major carrier of
knowledge (i.e., explicit knowledge) for human cognition [50]. Most previous automated
KM techniques treat knowledge items independently and process their contents alone for
KM tasks.

However, knowledge items are not independent from each other. Ignoring relationships
among them may limit the ability of the KM tools. Knowledge evolves after transfer and
reuse during human collaboration [3]. Knowledge creation has been considered as a path-
dependent evolution process [38], where innovation is created based on the
recombination of prior knowledge elements [15]. For example, project reports can be
written based on previous meeting memos; technical documents can be compiled based

on older versions; and new patents are invented based on existing technologies. From this



perspective, the knowledge evolution processes may affect the newly created knowledge,
as reflected in its content. Therefore, not only the knowledge content but also the
knowledge evolution process should be taken into account in KM tasks.

The knowledge evolution process is often embedded in the relationships among
individual documents, as the knowledge producers refer to related sources. For example,
patents and scientific literature have citations to specify their intellectual basis; Webpages
contain hyperlinks to related pages. As individual documents are composed into such
“linked” documents, the links potentially represent the evolution history of knowledge. In
this research we choose one type of linked document, patents, and conduct an empirical
study to exploit the utility of knowledge evolution processes in KM tasks. Specifically,
we focus on patent classification, which is both practically important to managers and
theoretically representative to other KM tasks.

Patents contain a significant amount of knowledge on technical innovations. Patent
management, at both the organization level and the society level, prompts the exchange
of inventions [43] and reduces the duplication of research efforts [16]. In the past two
decades, the advance of technology and the changes in patent policies have led to a surge
in patent applications and publications, especially in high-tech fields [54]. As a result,
patent processing time has been prolonged by more than 50% since 1994 [24] while the
patent examiners' workload has been continuously increasing [28]. In patent management,
classification plays a critical role, including assigning patent applications to examiners
[48] and organizing patents based on patent classification schemes, e.g., the United States
Patent Classification (USPC) system. The performance of patent classification affects the

efficiency of patent examination and the effectiveness of patent search systems.



Most previous studies in patent classification focused on only content analysis and
addressed the problem as a canonical text categorization problem [35, 44]. Although
various features extracted from patent contents have been used and several machine
learning algorithms have been applied [13], such approaches have not provided
satisfactory performance [48]. On the other hand, patent citations have been considered a
valid representation of knowledge diffusion and reuse in innovation creation [ 1, 46], in
the sense that citing patents adopt knowledge elements from cited patents. The evolution
processes of innovations can be represented as patent citation networks. The
unsatisfactory performance of existing content analysis approaches and the explicit
representation of the knowledge evolution process by patent citations make patent
classification a good testbed to evaluate knowledge evolution processes’ benefits to KM
tasks.

Under a kernel-based machine learning framework, we explore different methods to
model patent citation networks. We propose a novel model named labeled graph kernel,
which shows a significant improvement in classification performance as compared with
traditional content-based approaches. We also identify both the citation network structure
and the features of cited patents as important factors in describing knowledge evolution
processes for patent classification. This study shows the possibilities for further
automating the patent examination process and the benefits of considering the knowledge
evolution process in KM tasks.

The remainder of the paper is structured as follows. In Section 2, we review previous
research on patent classification in the context of linked document classification. We also

briefly review kernel-based methods on structured information. In Section 3, we describe



a kernel-based approach and propose several kernels that use patent citation networks and
patent contents for classification. Section 4 reports our experiments on a nanotechnology-
related patent testbed. Section 5 discusses the experimental results. Section 6 presents our

conclusions and future directions.

2. Literature Review

As a common type of knowledge, linked documents such as patents, scientific literature,
and Webpages are associated by links in the form of citations or hyperlinks. From a
knowledge management perspective, the document content contains different forms of
knowledge, while the links among them indicate the process of knowledge transfer and
diffusion.

The classification of linked documents is of interest to both managers and scholars.
Classification tools have been developed and adopted in patent management [48],
Webpage management [9] and scientific literature management [19, 45, 49]. Among
these tasks, patent classification has its unique challenges due to both its critical role in
practice and its data characteristics [48]. Patent classification is usually conducted on a
large number of categories (for example, the USPC has 450 first-level categories and
160,000 second-level categories). Many of these fine-grained classes have subtle
semantic differences and usually have an uneven number of patent instances [30]. All
these factors make patent classification difficult to address compared to other linked
document classification tasks.

2.1 Classification of Linked Documents
We review previous patent classification studies in the context of linked document

classification from two aspects: features, i.e., how the documents are represented, and



algorithms, i.e., how the documents are classified.

2.1.1 Feature Types

Previous studies on the classification of patents mainly consider the features in individual
documents. Features related to the citations (links) between documents have also been
used.

1) Features of individual documents:

Most previous research considered only the knowledge embedded in individual patents
and extracted features from individual documents to represent patents. These features can
be categorized into content features and metadata features. Content features are often
considered good indicators of document subjects, which can be extracted at the word
level (i.e., “bag-of-words”) or phrase level from different parts of the documents. In
patent classification, previous studies examined the features extracted from patent title
[32], abstract [14, 32, 35], claims [23], and full-text [29]. Features from patent title and
abstract have been found to be more effective in patent classification.

The metadata, which usually describe the document’s author, institution, publication
date, etc., may be highly correlated with its content and topic. In patent classification,
Richter and MacFarlane have used a patent’s [PC category to help classify it into another
classification scheme [42]. In Webpage classification, Yang et al. used Webpage headers
to help label Webpages by industry sectors [56]. These studies demonstrated metadata’s
effectiveness in improving classification performance.

2) Features of citations/links:
In machine learning literature, citations (links) indicate the close relationship between

linked documents’ topics, methods, etc. From the knowledge creation perspective,



citations (links) indicate the inheritance or transfer of knowledge elements between
linked documents [15]. In linked document classification, features can be defined on
direct citations or the entire citation network (of directly and indirectly connected
documents) by considering different levels of the knowledge evolution process.

The simplest way to take advantage of direct citations is to combine features of the
neighboring (directly cited) documents and use them to describe the focal document.
Studies in both patent classification [7] and Webpage classification [18, 40, 56] have
shown that combining the neighbor documents’ content features cannot significantly
improve classification performance. However, it has been found that combining neighbor
documents’ classification category (metadata) features does yield improvement [7, 40].

Another method that utilizes direct citation information is to define features on linkage
relationships. In Webpage classification research, hyperlinks have been represented as
first-order logic clauses to build first-order rules describing the common characteristics of
Webpages in the same category [9, 56]. Document similarity measures based on
document in-links (co-citation similarity) [47], out-links (bibliographic coupling
similarity) [27], or both in-links and out-links (Amsler similarity) [2] have been used
with the K-nearest neighbor (KNN) algorithm and the Support Vector Machine (SVM)
algorithm [6, 11, 25] in both Webpage and scientific literature classification studies.
Although citation measures have been widely used in patent analysis studies to assess the
impact of patents, inventors, and assignees [22, 37], few previous studies have taken
advantage of linkage features.

While using direct citations only considers a single step of the knowledge transfer

between citing and cited documents, using features extracted from the entire citation



network is a natural extension that gives a more complete picture of the knowledge
evolution process. In recent studies on network topological analysis, researchers found
that the networks of patents [34], Webpages [5], and scientific literature [41] are different
from random networks. Their organized topological characteristics indicate rich
information is contained in these networks. However, few studies have considered using
features defined on patent citation networks to represent the knowledge transfer and
innovation generation processes in patents and to address the patent classification
problem.

2.1.2 Algorithm Types

The algorithms used in patent and other linked document classification can be
categorized into feature-based methods and kernel-based methods.

1) Feature-based methods:

Feature-based methods are the major approach used in previous patent classification
research. In feature-based methods, a data instance is represented by a feature vector, in
which the features are explicitly constructed and selected based on domain knowledge or
using automatic algorithms. In patent classification, KNN [53], Winnow [29] [30], Naive
Bayes, and probabilistic relational model (PRM) [52] have been widely applied on
content features. Feature-based methods can utilize different types of information by
incorporating different types of features in the feature vector. In previous research,
content features and neighbor document features (direct citation features) have been used
together with the Naive Bayes algorithm in both patent and Webpage classification [7,
40].

2) Kernel-based methods:



Unlike feature-based methods, kernel-based methods do not require the explicit definition
of feature vectors. A kernel-based method contains a kernel function and a kernel
machine. The kernel function (or kernel) maps data instances from the input space y to a

feature space H (named reproducing kernel Hilbert space, RKHS) ®(x): y — H , by
defining a similarity measure between data instances k: y x y >R (x,x') > k(x,x").
Although ®(x) is not explicitly defined, for every pair of data instances the kernel

function ensures that k(x,x") =< ®(x),®(x") >. A kernel machine, such as SVM, is a

learning algorithm which performs learning tasks in the feature space H [17]. Given
limited types of kernel machines (with SVM being state-of-the-art), the performance of
kernel-based learning is highly dependent on the selection and design of kernel functions
[51].

In linked document classification, kernel-based methods have not been used as widely
as feature-based methods. However, they have shown their potential in some recent
studies. For example, Fall et al. compared the performances of KNN, Naive Bayes, and
Winnow with SVM on a linear kernel using content features and found that SVM with
the linear kernel outperformed the other three feature-based methods [13, 14]. In
Webpage classification, SVM has been used on kernels defined on linkage-based
similarities and reported good performance [6].

In kernel-based methods, we can use well-established kernel composition rules to
combine different types of information in a learning task [10, 25, 51]. In Webpage
classification, Joachims et al. adopted such a kernel composition method to consider both
direct citation information and content information [25].

2.2 Kernel-based Methods on Structure Information



Although feature-based methods have been widely used in classification problems, they
are often criticized for requiring explicit feature extraction. It is also difficult to define
and extract features from instances with complex structures. This may be one reason that
citation networks have been used less in patent classification. Kernel-based methods
provide an effective alternative to feature extraction for capturing such complex structure
information.

In kernel-based methods different kernel functions have been designed to capture
structure information [17]. Among these kernels, the convolution kernel [20] is one of the
most widely used. For objects (data instances) containing a set of sub-objects,
convolution kernels calculate the similarities between object pairs by conducting pairwise
comparisons between the set of sub-objects they contain. As a special case of convolution
kernels, graph kernels are designed for data instances whose sub-objects constitute a
graph. The similarity between two graphs can be calculated by comparing the sub-
structures in the graphs, such as nodes, paths, and sub-graphs. By representing graphs as
random walk paths and conducting pairwise comparison of (matching) random walk
paths, graph kernels have been successfully used to classify proteins according to their
molecular (graph) structures [4, 26, 33].

Although previous studies showed the effectiveness of capturing structural information
using graph kernels, most of these studies focus on the structure information of the sub-
objects contained in data instances. In the patent classification problem, patent citation
networks represent the structural information outside of data instances, i.e., the evolution
processes of innovations. Few previous studies have made the effort to capture such

context structure information for classification purposes.
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2.3 Research Gaps and Research Questions

As an important knowledge management task, patent classification has been studied by a
number of researchers. However, most previous studies isolated the knowledge contained
in an innovation (patent) from its evolution process and employed only individual patent
contents to address the classification problem. Even in the broader literature of linked
document classification, use of the knowledge evolution process was limited to direct
citations (one-step knowledge transfer). The structure of citation (linkage) networks has
not been widely utilized.

We are interested in methods that will capture the structure of patent citation networks
for the patent classification problem. We focus on the following two research questions in
this research:

QL. Exploiting the evolution process: Can the methods using citation networks
outperform those using only direct citations? Will the features in the directly and
indirectly cited patents be helpful for classifying the citing patent?

Q2. Combining an innovation’s intrinsic information with its evolution process: Will
combining citation information with patent contents improve patent classification

performance compared with using citation or content information alone?

3. Research Design

To capture the structure of citation networks, we adopt a kernel-based approach, which
also enables us to combine citation information with content information.

3.1 A Framework of Kernel-based Patent Classification

Figure 1 presents a general framework for addressing the patent classification problem

using a kernel-based approach. 1) At the data acquisition and parsing stage, patent data
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are retrieved and parsed into structured data. It should be noticed that both the patents of
interest and their directly or indirectly cited patents need to be extracted. 2) At the kernel
construction stage, the similarities between data instance pairs are pre-computed
according to the kernel function designs. Different kernel functions can capture different
information in patents and patent citation networks. 3) At the classifier learning stage,
classifiers are learned based on the pre-computed kernel values using a kernel machine.
In this research, we chose SVM as the kernel machine because of its reported good
performance [13, 14, 25, 35]. 4) At the evaluation stage, testing data instances are
provide to the classifiers for predictions. The classification performances of different
classifiers are evaluated by comparing the predictions against the actual categories
provide by experienced patent examiners.

[Figure 1. A framework of kernel-based patent classification]

In the proposed kernel-based framework, kernel functions define similarity measures
between data instances and capture patterns in data instances. The kernel machine is in
charge of building the classification models. The performance of kernel-based methods is
highly dependant on the design of kernel functions [51]. The major problem (and
contribution) of this research becomes designing appropriate kernel functions for patent
classification.

3.2 Kernel Function Design

In light of the research gaps, we adopt and design several citation-related kernels that
utilize patent citation and content information. Among these kernels, the labeled citation
graph kernel is a novel kernel that captures more comprehensive information from the

patent citation networks.
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3.2.1 Using Citation Information

We considered two conditions in the design of citation-related kernels.

The scope of the cited documents: The different levels of citations represent the
different steps of knowledge transfer. In addition to considering direct citations as an
approximation for one-step knowledge transfer, we can extend the citation structure
and consider multiple levels of cited documents, which represent a more complete
picture of the knowledge evolution process.

The features of the cited documents: When modeling an innovation’s evolution
process, we can choose to use or not use the cited documents’ features. Without
considering features of cited documents, a patent’s cited patents are encoded only as
identifiers. If cited documents’ features are considered, the semantics of knowledge
elements in cited patents are used, which provide extra clues for understanding the
focal innovation. In this study we consider the known classification categories of the
cited patents as this type of feature, due to reported effectiveness in patent

classification [7].

By combining these two conditions, we construct four kernels on patent citation

information (see Table 1): bibliographic coupling kernel (K_Bib), labeled co-reference

kernel (K_Ref), graph overlap kernel (K_Ovr), and labeled citation graph kernel (K_Gra).

[Table 1. Kernels for citation information]
a) Bibliographic coupling kernel:
The bibliographic coupling kernel (K Bib) design adopted from [6] was initially used in

the context of Webpage classification. It utilizes direct citations of patent documents

without considering the cited documents’ features. In this kernel, a patent p is represented
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by a set of patents it cites: CV, ={q: p cites q}. The similarity between two patents is

defined as the number of their common citations divided by the total number of their

citations:

K _Bib(p,, p,)=|CV, nCV, |/|cV, uCr,

where p1 and p2 are two patents and CV, and CV, represent the two sets of patents

they directly cited. In this kernel, the more common neighbors that two patents share, the
more similar they are.

b) Labeled co-reference kernel:

We design a labeled co-reference kernel (K_Ref) to consider cited patents’ features
(classification category) while using only the direct citations. In this kernel, a patent p is
represented as a classification category vector, CC, =(c,,¢,,...,c,) , Where the elements
are the numbers of directly cited patents of p that belong to each classification category.

The labeled co-reference kernel is defined as the normalized inner product of the

classification category vectors:

K_Ref(p,.p,)=(cC,.cc, ) [(cc,.cc, \cc, .cc, )

where p; and p; are two patents and CC, and CC, represent their classification

category vectors. In the labeled co-reference kernel, if two patents have similar citation
patterns in different categories, they have relatively high similarity.

c¢) Graph overlap kernel:

Based on the idea of the bibliographic coupling kernel, we design a graph overlap kernel
(K_Ovr) which considers more than one level of the cited patents in the patent citation

network. In this kernel, a patent p is represented by the set of patents it directly or
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indirectly cited: GV, ={CV, c GV,; if s€ GV, and s cites t then t € GV} The

similarity of two patents is defined by the ratio of the overlap part of the two patent

citation networks in the union of the two networks:

K _0v(p,.p,) =|GV, "GV, |/|aV, var,
where ‘GVp, N Gsz‘ is the number of common patents in the two citation networks, and

‘GVM uGr, ‘ is the total number of patents in the two networks. In the graph overlap

kernel, the larger the overlap part of the two citation networks, the more similar the two
patents are.

d) Labeled citation graph kernel:

Lastly, as our main contribution, we propose a labeled citation graph kernel (K_Gra)
which considers both the network of cited documents and the cited documents’ features.
In this kernel, a patent p is associated with a labeled citation network,

G,=(GV,,GE,,GL,), which contains the patents directly or indirectly cited by p: GV,
and the citations between all patents in GV, : GE, ={(s,1):Vs,t € GV, and s cites t}. In

this network, each node (patent) is labeled with its classification category:

GL, ={label(q):Vq € GV} . The similarity between two patents is measured by the

similarity between the labeled citation networks associated with them.
[Figure 2. Random walk paths on a labeled citation network related to patent S|
In order to analyze patents using their associated labeled citation networks, the labeled
citation graph kernel compares the random walk paths, starting from the focal patents on
their associated labeled citation networks, and composes path similarities into the

similarities of focal patents. This is different from previous graph kernel studies that
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target analyzing graphs, which compare random walk paths starting from any nodes in
the focal graphs [26]. The random walk paths are generated from the focal patents
following patent citations (Figure 2). When a random walk is conducted, it follows a
probability distribution and may jump from one patent to one of its neighbors (cited
documents) or stop at the patent. From a knowledge diffusion perspective, the random
walk paths represent the knowledge transfer paths (reversely) from prior innovations to
focal patents. In this model, a longer random walk path has a lower probability of
existence, indicating the less impact of older predecessors on new innovations. In the
labeled graph kernel, each random walk path is represented as a sequence of labels (i.e.,
classification categories) of the nodes on the paths, which partially documents the
knowledge elements related to this knowledge transfer path. The similarity of two paths
is considered to be one if they share identical label sequences. Otherwise, it is considered
to be zero for the sake of simplicity. The labeled citation graph kernel is defined as the
sum of pairwise path similarity values, which are weighed according to the probabilities
these random walk paths may exist. In other words, the kernel compares all knowledge
transfer paths leading to each innovation to identify patents on similar topics. The
algorithm to calculate the labeled citation graph kernel is summarized in Figure 3.
[Figure 3. The algorithm for labeled citation graph kernels]
3.2.2 Using Individual Documents’ Content Information
The kernel that uses individual documents’ content information represents the previous
efforts that used content features to address the patent classification problem. In previous
studies, features extracted from patent abstracts, claims, and descriptions have all been

used. Patent abstracts have been reported to be slightly more informative than other
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features in patent classification [32, 35]. The linear text kernel has been reported to have
good classification performance [13, 14]. Therefore, we use the patent abstract to
represent the entire patent content and choose the linear text kernel to capture patent
content information. Such a setting works as a baseline to evaluate the performances of
the citation-based kernels. In the linear text kernel, each patent p is represented by a term

vector, C, =(t,t,,...,1,,) 5 where the elements are the number of occurrences of terms in

the abstract. The linear text kernel (K_Tx?) defines the similarity of two patents as the

normalized inner product of the term vectors [25]:

K_Txt(pl,pz) = <Cpl’Cp2>/\/<CP1 ’Cp1 >.<CP2’CP2>

where p; and p; represent two patents and C, and C, are their term vectors.

3.2.3 Using Both Content & Citation Information

Using kernel composition methods, it is easy to consolidate different types of information
by combining multiple kernels. We use the simple addition operation to combine kernels
that use citation information (K Bib, K Ref, K Ovr and K _Gra) with the linear text
kernel (K_Txt) into four composite kernels (K_Com;-K_Comy). For any two kernel
functions Ki(p1, p2) and Kx(p1, p2), the addition operation creates a new kernel by adding

together corresponding kernel values: K(p,, p,) =AK,(p,, p,)+(1-=1)K,(p,, p,). The

addition operation on the two kernels implicitly combines the feature spaces defined by
them. The parameter A controls how much each kernel contributes to the composite
kernel. This set of kernels represents the efforts that exploit both patent contents and the

associated knowledge evolution process.

4. Experimental Study
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4.1 Testbed

In order to examine the effectiveness of proposed kernel functions for patent
classification, we conducted an experimental study on a nanotechnology-related patent
dataset acquired from the USPTO. We chose USPTO patents because they have more
complete citation information than patents from other patent offices (hence more reliable
citation networks). We selected patents in a specific domain so as to restrict the size of
the testbed without significantly reducing the difficulty of the patent classification task.
Specifically, nanotechnology was selected due to its deep impact on a nation’s
technology advancement and its rapid development in patent publication in recent years,
reflecting the characteristics of many high-tech domains.

We retrieved nanotechnology-related patents from the USPTO by keyword-searching
in patent title, abstract, and claims, using a keyword list provided by domain experts [22].
The retrieved patents were parsed into structured data and stored in a relational database.
We also retrieved the patents they directly or indirectly cited to reconstruct the citation
network. Since the number of cited patents increases exponentially as the citation level
increases, from a practical standpoint we retrieved only cited patents that are two steps
away from the core set of patents. (The testbed may contain a patent’s ancestors that are
more than two steps away, if it cites the patents in the core set of patents.)

We split the testbed into a training set and a testing set following previous studies [30].
Given a specific date, patents published prior to that date were used as training data,
while applications filed after that date were used as testing data. The patents under review
on that day, which have been applied for but have not yet been issued, were not

considered in either the training or testing dataset. In this research, the patents published
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between 01/01/1999 and 12/31/2001 were used for training. The patent applications that
were filed between 01/01/2002 and 12/31/2004 were used for testing. We used a patent’s
major USPC category as its classification label. To provide enough instances to train the
classifier, we restricted the experiments to categories with more than 100 patents in the
training dataset. After preprocessing, the training dataset contained 13,913 data instances
and the testing dataset contained 4,358 data instances (see Table 2) which belong to 36
first-level USPTO categories. The number of instances in each category varied from 109
to 1,895 in the training data and from 15 to 705 in the testing data (Figure 4). The
retrieved citation network of the training set contained 336,303 patents, and that of the
testing set contained 227,833 patents. As there were overlap patents in these two citation
networks, in total we collected 451,853 patents.

[Table 2. Number of data instances in the testing and training datasets]

[Figure 4. Patent distribution in USPC categories]

Our research testbed illustrates the challenges in patent classification discussed earlier.
Produced by a multi-disciplinary research field, nanotechnology patents cover many
USPC categories [22]. Some of these patents may have minor topical differences and are
difficult to differentiate. In the dataset, the numbers of instances are uneven in different
categories. This dataset contains 36 classification categories, which is comparable to
previous patent classification studies.

4.2 Experimental Procedures
After creating the training and testing datasets, we calculated the kernel matrices that
contain the kernel values between the patents in the datasets. To construct the linear text

kernel matrix, we preprocessed the contents (abstracts) of the patents in the testbed using
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the open source package “Rainbow” [36] for stemming, indexing, and feature selection
(based on mutual information). To construct the kernel matrices of citation information,
we used the extracted citation relations and classification categories of cited patents and
pre-computed the kernel values according to their definitions. To construct the four
composite kernels, we set A as 0.5 and added the linear text kernel matrix to each of the
four kernel matrices of citation information. We choseA as 0.5 for consistency with past
research [25], where individual documents’ content and citation information have equal
effect on the final kernel matrix. It is worth knowing that parameter A can be optimized
by solving a semidefinite programming problem [31]. However, parameter optimization
is out of the scope of the current research and will be considered in the future. After the
pre-computation of kernel matrices, we used a well-known high-performance SVM
package, “libSVM” [8], to build the classification models. We classify each patent to
only one class, which is considered as its major classification category. The predictions
on the testing dataset are used for evaluation.
4.3 Evaluation
For each of the data instances in the testing dataset, we compared the classifiers’
predictions with its actual classification category in the USPTO. We used standard
classification performance metrics, accuracy, precision, recall, and F-measure, to evaluate
the performance of different kernels with the SVM algorithm. These metrics have been
widely used in information retrieval and machine learning studies.

Accuracy is usually used to assess the overall performance of a classifier at the instance

level. For the instances in the testing set,

number of all correctly identified instances
Accuracy = .

total # of instances
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Precision, recall, and F-measure are defined to evaluate the performance of a classifier
on individual classes. For a class i, if 7P; is the number of correctly identified instances
of class 7, FP; is the number of instances incorrectly assigned to class 7, and FN; is the
number of instances which belong to class i and have been assigned to other classes by
mistake, then

Precision P= TP /(TP + FP),
Recall R= TP /(TP + FN,) , and
F-measure Fi= 2x P x R/(P. + R,), which combines precision and recall.

The micro-average (per-instance) value and macro-average (per-category) value of
precision, recall, and F-measure can be used to compare the kernels’ overall
performances [44, 55]. Given that our experiments are designed as single-label
classification, the micro-averaged precision, recall, and F-measure are equal to accuracy,
which favors the categories with large numbers of instances by giving each instance the
same weight. Thus, we report the macro-averaged precision, recall, and F-measure, which
favor the categories with small numbers of instances since each category has the same
weight.

4.4 Hypotheses
In correspondence with the research questions, we test two sets of hypotheses to examine
the effects of using citation networks in patent classification. In these hypotheses, we
adopt (@) accuracy and (b) F-measure (which combines the precision and recall) to gauge
the instance-level and category-level performances of different settings.

Hl.la. Kernels that use the structures of patent citation networks will outperform

those that use only direct citations on classification accuracy in patent classification.
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H1.1b. Kernels that use the structures of patent citation networks will outperform
those that use only direct citations on F-measure in patent classification.

H1.2a. Kernels that use classification categories as cited documents’ features will
outperform those that do not use any cited documents’ features on classification
accuracy in patent classification.

H1.2b. Kernels that use classification categories as cited documents’ features will
outperform those that do not use any cited documents’ features on F-measure in
patent classification.

H2.1a. Composite kernels of citation information and patent content will outperform
the linear text kernel that uses patent contents on classification accuracy in patent
classification.

H2.1b. Composite kernels of citation information and patent content will outperform
the linear text kernel on patent contents on F-measure in patent classification.

H2.2a. Composite kernels of citation information and patent content will outperform
kernels that use only citation information on classification accuracy in patent
classification.

H2.2b. Composite kernels of citation information and patent content will outperform

kernels that use only citation information on F-measure in patent classification.

We conducted single-sided pairwise z-tests to test these hypotheses. The #-test on
accuracy was conducted at the instance level, in which the mean of every instance’s
correctness (0 or 1) is accuracy. The #-test on F-measure was conducted at the category

level, in which the mean of every class’s F-measure is the macro-averaged F-measure.

5. Results and Discussion
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5.1 Overall Performances
Table 3 reports the performances achieved by the SVM classifiers with different kernels.
We can observe that both the labeled citation graph kernel (K_Gra) and its composition
with the linear text kernel (K_Comy) have high accuracies, precisions, recalls, and F-
measures. They achieve much better performances (31.12% and 32.29% absolute
improvement in accuracy) than the baseline linear text kernel (K_7x?). Considering that
the linear text kernel represents the performance of content analysis (using the knowledge
embedded in patents) in previous research and applications, the two kernels show good
potential to be used in real applications. Both kernels utilize the network structure of
patent citations and the classification category features of cited documents, which
account for their good performances.

[Table 3. Performances of different kernels]

In the experiments, the bibliographic coupling kernel (K _Bib) and the graph overlap
kernel (K_Ovr) have low accuracy values (7.48% and 37.13%, respectively). This may be
a direct result of their sparse kernel matrices. The designs of these two kernels compare
patent citations according to exact match. Given the millions of patents existing in the
world, the probability that two patents share the same references is very low. Thus, there
is a high probability that the kernel values will be zero. In our experiments, the
bibliographic coupling kernel has 99.88% zero values and the graph overlap kernel has
98.37% zero values. Compared with the linear text kernel whose matrix has 38.81% zero
values, the two kernel matrices are too sparse to capture enough information to
differentiate patents and build an effective classifier.

We also noticed that the bibliographic coupling kernel (K_Bib) and the graph overlap
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kernel (K_Ovr) have much lower recalls (5.81% and 29.08%) than the other kernels,
while most kernels have similar precision values (except the labeled citation graph kernel
and its composition with the linear text kernel). Further inspection shows that the two
kernels tend to assign most patents into certain classes by mistake. For example, the
bibliographic coupling kernel assigns most instances into USPC category #435
(Chemistry: molecular biology and microbiology) with a low precision. The few
instances left were assigned accurately, which lead to a high precision and a very low
recall in most classes. For example, the bibliographic coupling kernel has 100% precision
in assigning a couple of instances into some categories (e.g., 3 instances in USPC
category #073, 3 instances in USPC category #106, and 1 instance in USPC category
#252).
5.2 Hypotheses Testing
To further assess the factors that affect the performances of different kernels, we tested
the hypotheses by conducting single-sided pairwise #-tests on accuracy and F-measure
(Table 4). The pairwise #-tests on accuracy were conducted at the instance level
(n=4,358); the pairwise ¢-tests on F-measure were conducted at the class level (n=36).
Statistical tests confirm that the kernels that use networks of patent citations
significantly outperform the kernels that use only direct citations on both accuracy and F-
measure (i.e., Hl1.1a and H1.1b are supported). Using citation networks explicates the
relationship between the patents which do not share directly cited patents but share
indirect ancestors. Such explications may provide more evidence when the classifiers try
to categorize such patents into the same class. In addition, using citation networks

differentiates the patents with similar directly cited patents more distinctly by inspecting
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more levels of citations. Such detailed differentiation may enable the classifiers to
categorize ambiguous patents into different classes more precisely.
[Table 4. Hypotheses testing for different kernels]

Statistical tests confirm that the kernels that use cited documents’ classification
category features significantly outperform those that do not use any cited documents’
features on both accuracy and F-measure (i.e., H1.2a and H1.2b are supported). In
previous research, it was found that employing neighbor documents’ classification
category information can improve the classification accuracy [7, 40], which is confirmed
by our experiments. Our experiments further suggest that, when the entire citation
network is considered, cited documents’ features can still play an important role.

Statistical tests show that all four composite kernels significantly outperform the linear
text kernel (K_Txt) on both classification accuracy and F-measure (i.e., H2.1a and H2.1b
are supported). In the statistical test to compare composite kernels with the kernels using
only citation information, although the labeled citation graph kernel and its composition
with the linear text kernel do not have statistically significant differences in F-measures
in the testing of H2.2b (p value = 0.533), all other tests on accuracy and F-measure
confirm a better performance when combining information (i.e., H2.2a is supported and
H2.2b is partially supported). The statistical test results strongly suggest the
complementary roles of patent citations and patent contents when used in patent
classification tasks. In our experiments, the bibliographic coupling kernel (K_Bib) and
the graph overlap kernel (K_Ovr) achieved only 7.48% and 37.13% accuracy,
respectively. However, when they were combined with the linear text kernel, the

classification performance improved significantly. This indicates that even though the
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citation information may be sparse in patents and using it alone is not very helpful,
combining citation and content information can still improve the performance for patent
classification.

5.3 Individual Class’s Performances

We also inspected the kernels’ performances on all 36 classes. Figure 5 shows the F-
measure each kernel achieved in each class. In general, the labeled citation graph kernel
(K_Gra) and its composition with the linear text kernel (K_Com,) have high performance
in most of the 36 categories. However, the F-measures of the other seven kernels vary in
the 36 categories, which may reduce their usability. We observe that the seven kernels’ F-
measures are relatively low in a similar group of categories. Table 5 provides some
examples of these categories, which are difficult to classify and have a relatively small
number of training instances. Our testbed includes other categories which share similar
topics with these categories and have a larger number of training instances. The
classifiers have a high probability of misclassifying patents belonging to these categories
into other similar categories. For example, most of the instances in USPC category #216
(Etching a substrate: processes) were incorrectly assigned to category #438
(Semiconductor device manufacturing: process), which has 1,119 training instances.
Many of the instances in category #264 (Plastic and nonmetallic article shaping or
treating: processes) were assigned to category #428 (Stock material or miscellaneous
articles), which has 774 training instances. Many of the instances in categories #422
(Chemical apparatus and process disinfecting, deodorizing, pre-serving, or sterilizing),
#436 (Chemistry: analytical and immunological testing), #530 (Chemistry: natural resins

or derivatives; peptides or proteins; lignins or reaction products thereof), and #536
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(Organic compounds -- part of the class 532-570 series) were assigned to #435

(Chemistry: molecular biology and microbiology), which has 1,895 training instances.

Even in these categories where most other kernels fail, the labeled citation graph kernel

and its composition with the linear text kernel (K_Comy) are highly accurate. By

considering patent citation information, the two kernels have better differentiation

abilities on the categories with very similar topics and uneven numbers of instances.
[Figure 5. The kernels’ performances in different classes]

The performance of the labeled citation graph kernel (K _Gra) and its composition with
the linear text kernel (K_Comy) also changes slightly in different categories. In Figure 5,
the labeled citation graph kernel (K_Gra) does not achieve a high performance in USPC
category #435 (F-measure=54.71%). Although it is better than most of the other kernels
in the same category, such a performance is not comparable to the performance it
achieved in other categories (F-measures between 77.78% and 98.31%). USPC category
#435 has the largest number of training instances in the dataset and a small number of
testing instances. The patents in this category are on fundamental science topics or
research tools, which were heavily cited by patents in all categories [34]. These
characteristics may be the cause of the low performance of the labeled citation graph
kernel and other kernels in USPC category #435. However, after combining it with the
linear text kernel, the composite kernel (K_Comy,) achieves a high F-measure on USPC
category #435 (81.25%). The composite kernel (K_Com,) employs content features in
addition to citations, which may help the classifiers differentiate the patents belonging to
USPC category #435 from the others. Actually, the composite kernel (K_Com,) achieves

consistent good performance in all categories (F-measures between 74.42% and 96.73%,
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average F-measure 87.96%, standard deviation 6.53%). Even the labeled citation graph
kernel is highly accurate; considering patent contents (linear text kernel) ensures more
consistent high performance for different categories.

[Table 5. Some of the categories which are difficult to classify]

6. Conclusions

Using patent classification as an example, this paper demonstrates that knowledge
evolution processes can be useful in knowledge management tasks. In this research, we
utilized patent citation networks, which encode evolution processes of innovations, for
the classification of patent documents. Under a kernel-based framework, we designed
different kernel functions to capture the information of citation networks and found that
our proposed labeled citation graph kernel improved patent classification performance.
Our research showed that the features of cited patents and the structure of patent citation
networks, which together represent innovations’ evolution history, can benefit the
classification of focal patents. We also noticed that combining the information in citation
networks with patent contents results in higher and more consistent performance.

In the practice of patent management, the significant performance improvement (>30%
in accuracy) in our experiments indicates the good potential of using our approach in
real-life patent examination applications. Previous content-based methods usually cannot
match the performance of junior examiners with some basic general knowledge [30]. Our
proposed approach can potentially alleviate human efforts in patent pre-classification and
further expedite patent examination. Our research also lends support to a policy that
requires inventors to file patent citations, since they often have the more complete

knowledge about their innovation’s evolution. The USPTO has adopted this policy,
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which may need to be considered by other patent offices.

The effectiveness of our proposed approach implies a wider application area than patent
classification. The proposed approach can be directly applied to classify other linked
documents, such as Webpages and scientific literature. With appropriate adaptations it is
also applicable to other knowledge codification and organization tasks such as building
help desk systems, decision support systems, and knowledge repositories.

In the future, we will continue theorizing the role of knowledge evolution processes in
KM and studying its applications in other types of KM tasks, such as the knowledge
acquisition tasks in opinion mining and topic suggestion. For patent classification, we
will extend this research to more realistic settings where multiple labels on hierarchical

schemes are used to codify patents.
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1. Random path generation

1) The random walk starts from the patent to be classified x,.
2) On node x, the random walk has a probability of p,_(x;) to stop.

3) If the random walk does not stop, the random walk has equal probability to choose

any of x;’s neighbors (which is noted as x,,) to jump to. The probability is
noted as p,(x,,, |x,).

4) Thus a random walk path & = {x,x,,------ ,x,} has the probability
P(h1G) = p,(x,1 %), (%, | %)=+~ p, (%, | %,)p, (%,) to exist.

2. Kernel definition

The labeled citation graph kernel is defined as a convolution kernel

K _Gra(G,,G,)=> > k(h,h\P(h|G,)P(h'|G,)
h h
For two random walk paths 4 = {x,,x,--- ,x b and A'={x,",x "0 ,X,, '}
if n<>m, k(hh)=0, else k(hh")= Hle(xl.,xl. ) where l:t(xl.,xl. =1 iff
i=1

label( x, )=label( x,").

Figure 3. The algorithm for labeled citation graph kernels
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Table 1. Kernels for citation information

No cited documents’ features | Using cited documents’ features
) o Bibliographic coupling kernel Labeled co-reference kernel
Direct citations
(K_Bib) (K_Ref)
Citation Labeled citation graph kernel
Graph overlap kernel (K_Ovr)
network (K _Gra)

Table 2. Number of data instances in the testing and training datasets

# of patents | # of categories | # of patents in the | # of categories in
citation network | the citation network
Training 13,913 36 336,303 426

Testing 4,358 36 227,833 410

Table 3. Performances of different kernels

Kernels Accuracy | Averaged | Averaged | Averaged
precision | recall | F-
measure
Bibliographic coupling kernel (K_Bib) 7.48% 47.87% 5.81% 5.71%
Labeled co-reference kernel (K_Ref) 61.50% | 56.04% | 56.82% 55.50%
Graph overlap kernel (K_Ovr) 37.13% | 53.32% | 29.08% 34.91%

Labeled citation graph kernel | 86.67% | 89.09% | 87.97% 88.04%
(K_Gra)

Composite kernel 1 (K_Com;) 57.82% | 53.65% | 44.24% 46.50%
Composite kernel 2 (K_Coms;) 66.02% | 59.43% | 59.14% 58.78%
Composite kernel 3 (K_Com;) 59.64% | 55.49% | 47.56% 49.72%
Composite kernel 4 (K_Comy) 87.84% | 89.43% | 86.97% 87.96%
Linear Text Kernel (K_Txt) 55.55% | 51.65% | 39.29% 40.83%
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Table 4. Hypotheses testing for different kernels

H1.1: p values | a) Pairwise t-test on accuracy | b) Pairwise t-test on F-measure
K Bib <K Ovr <0.001 <0.001
K Ref<K Gra <0.001 <0.001

H1.2: p values | a) Pairwise t-test on accuracy | b) Pairwise t-test on F-measure
K Bib <K Ref <0.001 <0.001
K Ovr<K Gra <0.001 <0.001

H2.1: pvalues | a) Pairwise t-test on accuracy | b) Pairwise t-test on F-measure
K Txt<K Com; <0.001 <0.001
K Txt<K_Com; <0.001 <0.001
K Txt<K Com; <0.001 <0.001
K Txt <K _Comy <0.001 <0.001

H2.2: p values | a) Pairwise t-test on accuracy | b) Pairwise t-test on F-measure
K Bib <K Com; <0.001 <0.001
K Ref<K Com; <0.001 <0.005
K Ovr<K Com; <0.001 <0.001
K Gra<K_Comy 0.004 0.533
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Table 5. Some of the categories that are difficult to classify

USPC Category description # of training # of testing
code instances instances
#216 | Etching a substrate: processes 124 23
#264 | Plastic and nonmetallic article shaping or 111 33

treating: processes

#422 | Chemical apparatus and process disinfecting, 143 23
deodorizing, preserving, or sterilizing

#436 | Chemistry: analytical and immunological 229 28
testing

#530 | Chemistry: natural resins or derivatives; 367 15

peptides or proteins; lignins or reaction

products thereof

#536 | Organic compounds -- part of the class 532- 265 18

570 series
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