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Abstract. Widespread use of computer and Internet leads to an abundant supply
of information, so that many services for facilitating fluent utilization of the
information have appeared. However, many computer users are not so familiar
with such services that they need assistant systems to use the services easily. In
the case of Internet portal services, users’ e-mail questions are answered by
operator, but increasing number of users brings plenty of burdens. In this paper,
we propose a two-level self-organizing map (SOM) that automatically responds
to the users’ questions on Internet, and helps them to find their answer for
themselves by browsing the map hierarchically. The method consists of
keyword clustering SOM that reduces a variable length question to a
normalized vector, and document classification SOM that classifies the question
into an answer class. The final map is also used for browsing. Experiments with
real world data from Hanmail net, the biggest portal service in Korea, show the
usefulness of the proposed method. Also, the browsing based on the map is
conceptual and efficient.

1   Introduction

Proliferation of computer and increasing interest of Internet lead many people into
information-network based services. However, it is difficult for people who are not
familiar with such services to get what they want in those services. They are used to
suffer from several difficulties, such as installation of program, usage of specific
function, and so on. It is time-consuming and difficult work to overcome such
problems even for expert users as well as beginners. Information-network service
corporations, ISP (Internet Service Provider) and IP (Information provider)
companies, open a line which helps users by telephone, provide answers about
questions by web board systems like FAQ (Frequently Asked Questions), and respond
to the questions by e-mail. However, the explosive increasing number of users makes
service corporations to recognize the needs of automatic response system.

At the time of writing this paper, more than 5 million people use the Hanmail net
that is the biggest portal service in Korea and users’ questions per day come to about
200 cases. It is redundant and time-consuming to respond to duplicated questions by
hand, and even worse user may not satisfy with the response time. Automatic
processing of users’ questions might be not only efficient for operators who can avoid
redundant task but also satisfactory for users. This paper proposes a two-level self-
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organizing map (SOM) that automatically classifies the users’ questions for Hanmail
net, and provides conceptual browsing facility. We show that the automatic response
system based on the model is plausible for e-mail data of which number and size per
class are various.

In Section 2, we introduce related work and explain the problem with data that are
real world query mails obtained from Hanmail net. Section 3 illustrates the
architecture of automatic classification and browsing system. Section 4 shows the
experimental results to show the usefulness of the proposed method.

2   Backgrounds

2.1   Related Works

Generally speaking, automated text categorization (TC) is a supervised learning task,
defined as assigning category labels (pre-defined) to new documents based on the
likelihood suggested by a training set of labelled documents [1]. The automatic
response of the query mails in the Internet is also a sort of the automated
categorization of texts into topical categories.

TC has a long history, dating back at least early 60s, Until the late ‘80s, the most
effective approach to the problem seemed to be that of manually building automatic
classifiers by means of knowledge engineering techniques. Machine learning
paradigm has emerged in the ‘90s [2]. Within recent paradigm, learning phase builds
a classifier that learns the characteristics of one or more categories from the pre-
classified training data set, and the classifier is used in categorizing the unseen data.
The advantages of this approach are on accuracy comparable to human performance
and considerable saving in terms of expert manpower, since no intervention from
either knowledge engineers or domain experts is needed [2].

We use the idea of TC to classify the questions of Internet. However, our task must
be not a supervised learning but an unsupervised learning, because our data is not
uniformly distributed on the classes. To solve this problem SOM is used for machine
learning

2.2   User Questions of Hanmail Net

To classify the query mails received, we collect and analyze users’ questions at first.
The number of query mails collected is 2232, and the number of classes is 69. Table 1
gives account on the data groups, and Table 2 shows the distribution of users'
questions that have been received during one month. A half of the entire data comes
from group A, and group B contains the queries that must be forwarded to operator
without classification. Group C represents less frequent queries, so it is difficult to
classify those classes using a conventional statistical method.
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Table 1. Characteristics of each group of users’ questions

Group Characteristics

A Frequency is so high that occupies a half of data

B
The query must be forwarded to operator for manual

treatment

C Frequency is low

D Remaining queries

Table 2. Distribution of data in each group

Group # of class # of query

A 6 1002 (44.9%)

B 7 585 (26.2%)

C 36 127 (5.7%)

D 20 518 (23.2%)

Total 69 2232 (100.0%)

Table 2 shows that queries are concentrated on group A and some classes in group
D cannot be easily characterized, so it is much difficult to extract features which help
classification. Also, because E-mails are generated by novice, there are many
expressions that are colloquial, abbreviated, and solecistic. Such characteristics of
data bring difficulty to classify the queries.

3   Classification and Browsing

The system consists of two parts: classification and browsing subsystems. The
classification system also consists of two parts. The first part is preprocessing and
keyword clustering which help to encode the input vector for the next classification
module, by reducing the dimension of the input mail. The dimension of vector is
reduced by a SOM for keyword clustering. The second part is classifying the queries
and matching them with the corresponding answers by another SOM called mail
classification SOM.

The browsing system is based on the completely learned mail classification SOM.
It helps users to search their answer conceptually by navigating the system
hierarchically with topology-preserving property of SOM. A user can find answer by
changing the resolution of the information of the map. Fig. 1 shows the overall system
architecture.
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Fig. 1. Flow of system architecture

3.1   Keyword Extraction

Query mails are written by natural language, especially Korean or compound of
Korean and English. The query mails must be encoded as normalized vector form to
get the input vector for neural network. To vectorize the query mails keyword should
be extracted at first, because queries include meaningless components such as
auxiliary word, the ending of word, and article. Since the components do not affect
the meaning of the mail, they should be removed. Fig. 2 shows an example of query
mail and the corresponding keywords extracted. The whole mail is reduced to only
ten keywords in this example mail.

3.2   Keyword Clustering

After the keyword extraction process as shown in Fig. 2, the keywords should be
converted to vectors of real numbers. There are several methods that analyze and
vectorize the information, like vector space model [1]. The computational and spatial
reason leads to choose the SOM-based approach as the basic method. This is asked on
Scholtes to encode documents based on their words, like a neural filter and a neural
interest map for information retrieval [2][3].
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Fig. 2. An example of keyword extraction

Keyword clustering SOM is used in reducing and clustering the category of words
for query mails. The input of keyword clustering SOM is a keyword identification
vector with context information of a sentence that includes the keyword. Because
SOM collects and clusters similar data at the neighborhood, similar keywords are
mapped in adjacent nodes in SOM [4][5]. Keyword clustering SOM plays the similar
role of the thesaurus that discriminates the synonyms in the conventional text
processing.

Learning algorithm of the SOM is as follows [4][5]:

)}()({)()()()1( tmtxtnttmtm iciii −××+=+ α (1)

Here, α (t) is a function of learning rate, nci(t) is a function of neighborhood, mi(t) is
the weight of the ith node, and x(t) is input data of SOM. At the function of
neighborhood c means the index of winner node, and winner is obtained by the
following equation [4][5]:

}min{ imxmx
i

c −=− (2)

All keywords in a query mail are represented by a vector, and each word is
represented by an n-dimensional real vector xi. Input vector of keyword clustering
SOM is encoded as follows [6]:
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Here, E denotes the estimate of the expectation value evaluated over the group, and
ε  is a small scalar number (e.g., 0.2) [6][7][8][9][10]. The input vector in keyword
index i, X(i), consists of one symbol vector xi and two context vectors of xi-1 and
xi+1. xi-1 means the keyword occurring just prior to keyword xi, and xi+1 means the
keyword occurring just posterior to keyword xi. As mentioned above, all occurring
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prior keyword vectors are summed, and then averaged by number of occurrence of xi.
It is the same for the posterior keyword. The two vectors give the context information
of the sentence to the input vector X(i). SOM is trained with these two vectors and it
can cluster the similar keywords.

We assume that number of all keyword is 8, as shown in Fig 2. So each keyword
can be expressed by 1 bit of total 8 bits stream, like below.
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Because keyword e-mail and arrival are expressed before keyword notification for
two lines, the expectation value of priori keyword for keyword notification is like
below.

Because keyword service is expressed after keyword notification for two lines, the
expectation value of posterior keyword for keyword notification is like below.

0 0 0 0 0 1/2 0 0 0 0 0

Finally,  the encoded vector looks like that:

Expectation
value of priori

keyword
0 0 0 0 ε 0 0 0 0 0 0 0

Expectation value
of posterior

keyword

3.3   Mail Classification

The keyword clustering SOM maps a set of similar keywords into a node of the SOM,
because all keywords appeared in a query have a winner node in SOM. According to
each winner node, a query mail can be converted into a histogram for keywords that
make up a query mail. For example, if the size of keyword clustering SOM is 3 by 3
and a query mail consists of three keywords: one mapped on node (1,2) and others
mapped on node (0,0). Then the encoded vectors are shown as follows:

0 0 0 1/2 0 0 0 0 0 0 1/2 0
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2 0 0 0 0 1 0 0 0

The dimension of input vectors is the same with the output number of keyword
clustering SOM. Therefore, the size of the map decides the reduction degree and
dimension of the input vector of the mail classification SOM. For example, the SOM
which has m*n size map produces mn dimension input vector. With this method, input
vector can be produced, but there is a shortcoming. Produced vectors are very
sensitive to the specific query mail, i.e., vectors overfit to query data. Because queries
are written by various people and have various wording, vectors which reflect a
specific case are not desirable. To overcome the variation problem, a smoothing
process that has frequently used in pattern recognition area is applied. Such process
blurs the sensitive integer vectors to non-specific real vectors. Gaussian kernel is used
for blurring the histogram as follows [11]:

0.25 0.5 0.25

0.5 1 0.5

0.25 0.5 0.25

In addition, Shannon’s entropy [1][6] that improves the separability of keywords is
utilized. Entropy converts the frequency, which is increased just by 1, to weighted
frequency that can be increased by real values. Keywords that reflect the
characteristic of specific classes have higher degree of frequency, and others have
lower degree of frequency. The entropy weight calculated as follows:
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Here, H(w) means the entropy value of keyword w, ni(w) means the frequency of
occurrence of word w in class i, and Hmax is the maximum entropy, that is log 67 in
our case. Vi the ith component of blurring histogram and imposing entropy to it is
calculated as follow:
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Here, Gi means the ith component of the smoothing kernel, Ew means the entropy
weight of keyword w, and Fw means the frequency of keyword w. after vector blurring
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and entropy weighting processes are finished, inherent vector of one query mail is
produced.

The trained mail classification map with the vectors above, maps each query data
into a specific node. According to the characteristics of SOM, the query mails that
belong to the same class are mapped in the same or neighborhood positions. The new
query mail sent by a user is encoded by the above process. The input vector that is
mapped on one node, is classified as a certain class and then automatic response
system sends the corresponding answer which matches with the winner node to the
user promptly.

3.4   Browsing

The browsing system that visualizes the completely trained mail classification SOM
helps users to find their answer interactively. This has a hierarchical structure that
consists of three levels, and each level contains several keyword labels. Each label
represents a node of the map [12].

The label must reflect the content of queries that are mapped in a node, because the
meaningful label can help user to search the answer correctly. The basic measure
produces the label is the frequency of each keyword. But the importance and class-
separability of keywords are different from each other; some keywords have high
frequency but they have trivial meaning. Similarly, some keywords have low
frequency but they appear only at specific classes. The frequency is modified to
reflect such phenomena as follows :

Fout

Fin
iwi

Doc

Doc
FL ×= (6)

Here, Lwi means the importance of the keyword w in a node i of the map, Fi means
the frequency of w in a node, DocFin means the number of documents which have the
keywords w in a node, and DocFout means the number of documents which have the
keywords w in all the nodes except node i.

To provide the conceptual browsing, the whole map is displayed at the first level,
and the user grasps the overall distribution of questions. If the user selects a node by
clicking the position that probably has similar questions, it displays the second level
map that is a part of the whole map around the selected node. At this level, user can
get more specific information. If the user selects a node again, the third level map is
displayed. At the third level, the user can obtain the answer for his question in a node
by clicking the nearest keyword.

4   Experimental Results

Experiments are conducted for 67 classes, 2206 query mails. Since the size of
keyword clustering SOM is fixed to 10 by 10, the dimension of the input vector of the
mail classification SOM is 100. The first experiment decides the size of mail
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classification SOM, where entire 2206 data are used for training the map. The result is
shown in Table 3.

Table 3. Recognition rate for training data

Size of keyword clustering

SOM
Recognition rate

100 x100 1553/2206 70.40%

120 x 120 2014/2206 93.74%

150 x 150 2098/2206 95.01%

160 x 160 2075/2206 94.06%

The analysis of recognition rate with the keyword clustering SOM of 1505150 is
summarized in Table 4. The recognition rates of group A and group D are not good.
In case of group A, four classes which do with the e-mail account of Hanmail net are
not classified well. Four classes include account change, deletion, duplication, and
information confirmation. In these classes, the extracted keywords are so similar that
the keywords cannot reflect the attribute of query mail. That is the reason why the
recognition rate is so low. Group D includes 16 classes that have trivial information
about the remaining 51 classes. It deteriorates the classification rate because the
keywords are so similar with the remaining classes.

Table 4. Recognition rate for each group of data

Group # of class Recognition rate

A 6 954/1002 94.0%

B 7 561/585 95.9%

C 36 124/127 97.6%

D 18 459/492 93.3%

Total 67 2098/2206 95.01%

Next, we have fixed the size of keyword clustering SOM as 150 × 150, and divide
the data set into two groups. One is training data of 1545 query mails, and the other is
test data of 661 query mails. Experiments are performed with the change of threshold,
which is quantization error. Threshold value also affects the rejection rate. The result
is shown in Table 5.

Fig. 3 through Fig. 5 show an example of hierarchical browsing sequentially.
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Table 5. Recognition rate for test data

Threshold Rejection rate Recognition rate

0.5 46.4% 58.5%

0.4 60.1% 64.0%

0.3 72.9% 82.7%

Fig. 3. The first level of browsing in our example: The left frame displays the map, and the
right frame displays the window for answer.

5   Concluding Remarks

In this paper, we have proposed an automatic response system of query mails of a
portal service corporation in Korea, and shown that the system is promising by
conducting several experiments. As shown in experimental result the accuracy rate of
training data is high, and the accuracy of test data is plausible but the rejection rate is
a little high. We are under way to increase the accuracy while maintaining the low
rejection rate. Moreover, we are also attempting to enhance the browsing interface
more appropriately to the novice users.
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Fig. 4. The second level of browsing in our example.

Fig. 5. The third level of browsing in our example: The right frame shows the answer.
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