
1

Automatic Text Classification

Yutaka Sasaki
NaCTeM

School of Computer Science

©2008 Yutaka Sasaki, University of Manchester



2

Classification of Clinical Records

Å Medical NLP Challenge (Computational Medicine Centre)
ï Classify anonymized real clinical records into International Clinical 

Codes (ICD-9-CM)
ï 44 research institutes participated

Å Sample 
ï Record:

# Clinical History
This is a patient with meningomyelocele and neurogenic bladder.
# Impression
Normal renal ultrasound in a patient with neurogenic bladder.

ï Correct codes (possibly multiple codes):
Å 596.54 (Neurogenic bladder NOS)

Å 741.90 (Without mention of hydrocephalus)
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Evaluation results
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Introduction
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Introduction

Å Text Classification is the task:
ï to classify documents into predefined classes

Å Text Classification is also called
ï Text Categorization
ï Document Classification
ï Document Categorization

Å Two approaches
ï manual classification and automatic classification
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Relevant technologies
Å Text Clustering
ï Create clusters of documents without any external information

Å Information Retrieval (IR)
ï Retrieve a set of documents relevant to a query

Å Information Filtering
ï Filter out irrelevant documents through interactions

Å Information Extraction (IE)
ï Extract fragments of information, e.g., person names, dates, and 

places, in documents

Å Text Classification
ï No query, interactions, external information
ï Decide topics of documents
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Examples of relevant technologies
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Example of clustering

web documents
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Examples of information retrieval

x

web documents
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Examples of information filtering

web documents
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Examples of information extraction

web documents 
about accidents

Date: 04/12/03
Place: London
Type: traffic
Casualty: 5

Key information on accidents
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Examples of text classification

web documents
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Text Classification Applications

Å E-mail spam filtering
Å Categorize newspaper articles and newswires into 

topics
Å Organize Web pages into hierarchical categories
Å Sort journals and abstracts by subject categories 

(e.g., MEDLINE, etc.)
Å Assigning international clinical codes to patient 

clinical records 
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Simple text classification example

Å You want to classify documents into 4 classes:
economics, sports, science, life.

Å There are two approaches that you can take:
ï rule-based approach
Å write a set of rules that classify documents

ï machine learning-based approach
Å using a set of sample documents that are classified into 

the classes (training data), automatically create classifiers 
based on the training data
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Comparison of Two Approaches (1)
Rule-based classification

Pros:
ï very accurate when rules are written by experts
ï classification criteria can be easily controlled when the 

number of rules are small.
Cons:
ï sometimes, rules conflicts each other
Å maintenance  of rules becomes more difficult as the number of 

rules increases
ï the rules have to be reconstructed when a target domain 

changes
ï low coverage because of a wide variety of expressions
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Comparison of Two Approaches (2)

Machine Learning-based approach
Pros:
ï domain independent
ï high predictive performance

Cons:
ï not accountable for classification results
ï training data required
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Formal Definition

Å Given:
ï A set of documents D = {d1, d2,é, dm}
ï A fixed set of topics T = {t1, t2,é, tn}

Å Determine:
ï The topic of d: t(d) Í T, where t(x) is a 

classification  function whose domain is D and 
whose range is T.
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Rule-based approach
Example: Classify documents into sports
ñballò must be a word that is frequently used in sports
Ý Rule 1: ñballò Í d  Ą t(d) =  sports
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But there are other meanings of ñballò
Def.2-1 : a large formal gathering for social dancing 
(WEBSTER)

Ý Rule 2: ñballòÍ d  & ñdanceòÎ d Ą t(d) =  sports
Def.2-2 : a very pleasant experience : a good time (WEBSTER)

Ý Rule 3: ñballòÍ d  & ñdanceòÎ d & ñgameò Í d &
ñplayò Í d   Ą t(d) =  sports

Natural language has a rich variety of expressions:
e.g., ñMany people have a ball when they play a bingo game.ò




