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Abstract

We design a multi-label classification system based
on a machine learning approach for the NTCIR-7
Patent Mining Task. In our system, we employ a lo-
gistic regression model for each International Patent
Classification (IPC) code that determines the IPC
code assignment of research papers. The logistic re-
gression models are trained by using patent documents
provided by task organizers. To mitigate the overfitting
of the logistic regression models to the patent docu-
ments, we design the feature vectors of the patent doc-
uments with feature weighting and component selec-
tion methods utilizing a research paper set. Using a
test collection for the Japanese subtask of the NTCIR-
7 Patent Mining Task, we confirmed the effectiveness
of our multi-label classification system.

Keywords: machine learning, logistic regression
model, different training and test distributions, com-
ponent selection, feature weighting.

1 Introduction

The goal of the NTCIR-7 Patent Mining Task [7]
is to develop multi-label classification systems that as-
sign multiple International Patent Classification (IPC)
codes to research papers. IPC codes were originally
developed in order to categorize patent documents and
make it possible to search the documents efficiently.
However, providing research papers with IPC codes
means that we can also retrieve papers dealing with
the same technological field as a given patent docu-
ment. This retrieval procedure is required when de-
ciding whether or not to validate a patent. Therefore,
classification systems capable of this task are useful
for patent analysts in government patent offices or the
intellectual property divisions of private companies.

We design a multi-label classification system based
on a machine learning approach for dealing with the
NTCIR-7 Patent Mining Task. In our formulation,

we assume the independence of IPC codes and design
a binary classifier for each IPC code that determines
whether or not to assign an IPC code to a research pa-
per. We employ logistic regression models [5] as the
binary classifiers. The logistic regression model de-
signed for each IPC code provides the probability of
assigning an IPC code to a research paper. Using the
probabilities given by the logistic regression models,
our system ranks IPC codes for research papers.

For this task, patent documents assigned with IPC
codes and research papers are used as training data
for constructing multi-label classification systems, and
other research papers are used as test data that require
classification. Since the research papers are not as-
signed with IPC codes, we need to train classifica-
tion systems by using patent documents. However,
research papers are different in form from patent doc-
uments, and so the word distribution in the former will
be different from that in the latter. Namely, a test dis-
tribution is distinct from a training distribution. In
such settings, the classification systems may be over-
fitted in training distributions and thus may not provide
good classification performance for test data.

To mitigate this overfitting problem, we design the
feature vectors of the training and test examples by us-
ing a research paper set. We employ vocabulary words
included in the research paper set as features, and
weight the feature values of each data examples with
inverse document-frequencies of vocabulary words in
the research paper set. We also use term frequencies
only in the title and abstract components of patent
documents to provide their feature vectors, because
other components such as claim and specification are
not included in research papers. Using a test collection
provided by the NTCIR-7 organizers, we show the ef-
fectiveness of our multi-label classification system and
the effect of our feature weighting and component se-
lection methods utilizing a research paper set.
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2 Multi-label Classification System
based on Logistic Regression Models

For the NTCIR-7 Patent Mining Task, we de-
sign a multi-label classification system that assigns
research papers with IPC codes. Let the fea-
ture vector of a research paper be denoted by
x = (x1, . . . , xi, . . . , xV )T and a class be rep-
resented by an IPC code assignment vector y =
(y1, . . . , yk, . . . , yK)T , yk ∈ {1,−1}, where yk =
1 (yk = −1) in indicates that the research paper x
is assigned (unassigned) with the kth IPC code. K is
the total number of IPC codes, and aT represents the
transposed vector of a.

In our multi-label classification system, we design
K logistic regression models each of which provides
the probability P (yk = 1|x) of assigning a research
paper x with the kth IPC codes, using training dataset
D = {(xn, yn)}N

n=1. We use patent documents as-
signed with IPC codes as the training dataset for the
logistic regression models. Then, we rank the top 1000
IPC codes for a research paper x based on the values
of {P (yk = 1|x)}K

k=1 provided by the logistic regres-
sion models. In this section, we review the logistic
regression model we used to construct our system, and
describe our method for designing features of patent
documents and research papers.

2.1 Logistic Regression Models

A binary classifier based on a logistic regression
model learns the mapping of a feature vector x to a
category label assignment yk for the kth category label
by modeling conditional probability P (yk|x) directly.
The conditional probability is modeled as

P (yk|x; θk) =
1

1 + exp(−ykθT
k x)

, (1)

where θk = (θk1, . . . , θki, . . . , θkV )T is a model pa-
rameter vector.

Using training dataset D = {(xn, yn)}N
n=1, we can

estimate the θk value to maximize the conditional log-
likelihood with respect to the training data and the log-
arithm of a prior probability distribution p(θ k) as

J(θk) =
N∑

n=1

log P (ynk|xn; θk) + log p(θk). (2)

We use a Gaussian prior [4] as

p(θk) ∝
V∏

i=1

exp
(
−θ2

ki

σ2

)
, (3)

where σ is the hyperparameter of the Gaussian prior
and its value should be set for training the logistic re-
gression model. We compute the estimate of θk to

maximize J(θk) by using the L-BFGS algorithm [6],
which is a quasi-Newton method. In this computa-
tion, global convergence is guaranteed, since J(θ k) is
a concave function of θk.

2.2 Feature Design Method

In the NTCIR-7 Patent Mining Task, patent docu-
ments assigned with IPC codes are employed as train-
ing data, while research papers are used as the target
data that should be assigned with IPC codes by the
classification systems. The vocabulary words that play
an important role in the classification of research pa-
pers may be different from those of patent documents.
To mitigate the overfitting of our system to patent doc-
uments, we design features by utilizing the research
paper set provided as training data by the task organiz-
ers. We expect to obtain a more suitable classification
system for the target data by designing features. In this
section, we describe feature weighting and component
selection methods used for the feature design.

2.2.1 Feature Weighting

For the feature weighting of the training and test ex-
amples, we utilize the document frequencies of the vo-
cabulary words in the research paper set that we used
as training data. Let xs = (xs1, . . . , xsi, . . . , xsV )T

be the feature vector of the sth data example, where
V is the total number of vocabulary words. The fea-
ture value xsi with respect to the ith vocabulary word
is computed as

xsi =
tf(s, i) · w(i)

Zs
, (4)

where Zs =
∑V

i=1 tf(s, i) · w(i), and tf(s, i) is the
term frequency of the ith vocabulary word included in
the sth data example. w(i) is the weight designed by
using the document frequency of the ith vocabulary
word in the research paper set, and is computed as

w(i) =
{

log M
df(i) as df(i) �= 0

0 otherwise.
(5)

where M represents the total number of research pa-
pers, and df(i) is the number of research papers con-
taining the ith vocabulary word.

2.2.2 Component Selection

The patent documents we used as training dataset
D = {(xn, yn)}N

n=1 for our system have multiple
components such as title, abstract, claim, and speci-
fication. However, the claim and specification com-
ponents are characteristic of patent documents and are
not included in research papers. To mitigate the over-
fitting of our system to the claim and specification
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Figure 1. Outline of classification system

components of patent documents, we use only title
and abstract as components for designing the feature
vectors of patent documents. Namely, we provide the
tf(n, i) value of the nth patent document by counting
the number of the ith vocabulary word included in the
title and abstract components.

Figure 1 shows an outline of our system, which em-
ploys the feature weighting and component selection
methods.

3 Experiments

3.1 Test Collections

We examined the performance of our multi-label
classification system for the Japanese subtask of the
NTCIR-7 Patent Mining Task. For this subtask,
Japanese patent documents published by the Japanese
patent office from 1993 to 2002 were given to us for
training multi-label classification systems that assign
Japanese research papers with IPC codes. The ab-
stracts of Japanese research papers included in the
NTCIR-1 and -2 CLIR task text collections were also
given to us as training data. The abstracts of 879
Japanese research papers were selected as test exam-
ples for the formal run of this subtask by the NTCIR-7
organizers. We utilized the Japanese research papers
included in the NTCIR-1 and -2 test collections for
feature weighting detailed in Section 2.2, and trained
logistic regression models in our system using the
patent documents.

We extracted nouns, verbs, and adjectives from

patent documents and research papers by using
MeCab1 and utilized these words to provide the fea-
ture vectors of these data examples. Vocabulary words
included in only one patent document or research pa-
per were removed from the feature vectors.

3.2 Evaluation Results

With the standard TREC-style evaluation method,
we calculated recall and precision as regards an IPC
code ranking for each research paper, and we summa-
rized these scores in terms of the mean average pre-
cision (MAP). These evaluation scores were averaged
over all the research papers provided as test data.

Table 1 shows the recall-precision curve and MAP
obtained with our multi-label classification system.
The evaluation scores in the table were examined by
using “trec eval.prl,” which was provided by the task
organizers. The CS+FW column in the table shows
the performance of our system when providing the
feature vectors of training and test examples with the
feature design method described in Section 2.2. The
feature design method consists of component selec-
tion (CS) for patent documents and feature weight-
ing (FW). We also examined the performance of our
system when employing either component selection or
feature weighting. The experimental results are shown
in the CS and FW columns in the table. The MAP-
scores for the CS+FW and FW settings in the table
were evaluated as the official results for our system by
the task organizers.

1 http://mecab.sourceforge.net/

― 356 ―



Proceedings of NTCIR-7 Workshop Meeting, December 16–19, 2008, Tokyo, Japan

Table 1. Recall-precision curve and MAP
with multi-label classification system
based on logistic regression models

Recall Precision
CS+FW CS FW

0.0 0.5331 0.5254 0.4641
0.1 0.5331 0.5254 0.4641
0.2 0.5307 0.5222 0.4613
0.3 0.4996 0.4869 0.4233
0.4 0.4562 0.4464 0.3734
0.5 0.4452 0.4363 0.3667
0.6 0.3456 0.3294 0.2728
0.7 0.2980 0.2868 0.2380
0.8 0.2828 0.2730 0.2262
0.9 0.2758 0.2663 0.2223
1.0 0.2757 0.2661 0.2223

MAP 0.3964 0.3855 0.3303
Run ID NTTCS4 - NTTCS1

In the FW settings, all the components of the patent
documents were used to provide feature vectors. How-
ever, a large number of vocabulary words were in-
cluded in all the components of each patent document.
When using all the vocabulary words to design the
feature vectors of the patent documents, we require a
very long processing time to train logistic regression
models. To reduce the computational costs incurred
by training, we designed the feature vector of the sth
patent document by using vocabulary words whose x si

values, given by Eq. (4), were large, where we selected
the largest number of the vocabulary words whose sum
of xsi was less than 0.995.

As shown in Table 1, our system provided better
classification performance in the CS+FW setting than
in the CS and FW settings. We confirmed that both the
component selection of the patent documents and the
feature weighting were useful for improving the clas-
sification performance. Our system performed better
in the CS setting than in the FW setting. This re-
sult indicates that designing the feature vectors of the
patent documents by using only their title and abstract
was effective as regards obtaining a good classification
performance in the Japanese subtask of the NTCIR-7
Patent Mining Task.

4 Conclusion

We designed a multi-label classification system
based on logistic regression models for the NTCIR-
7 Patent Mining Task. A logistic regression model
for each IPC code was used for determining the IPC
code assignment of research papers. We used patent
documents for training the logistic regression models
and designed the feature vectors with feature weight-

ing and component selection methods utilizing a re-
search paper set. Using a test collection provided by
the NTCIR-7 organizers, we confirmed experimentally
the effect of our feature design method on the classi-
fication performance of our multi-label classification
system for the Japanese subtask of the NTCIR-7 Patent
Mining Task.

Future work will involve applying domain adapta-
tion [1, 2] and semi-supervised learning [8, 3] methods
to developing classification systems trained by using
both patent documents and research papers as labeled
and unlabeled examples.
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