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Abstract
This document outlines the design and usage of a set of scripts for performing text classification.
The scripts are intentionally kept simple and they only use n-gram features with minimal
preprocessing. The scripts implement a support vector machine classifier, and, using only n-gram
features, compute some key parameters that lead to good classification performance. The scripts
were developed as part of a workshop for training biomedical informatics students with no
background in machine learning, and no or limited background in programming.
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Introduction

Text classification is one of the most fundamental natural language processing tasks, and involves
the categorization of texts based on their lexical contents. In its simplest form, text classification
is binary in nature, such as the categorization of spam vs. non-spam email (Youn and McLeod,
2007). Researchers from distinct fields are exposed to a wide range of text classification problems.
Even within a specific domain, such as the medical domain, there are a variety of text classification
tasks and problems, such as assessing the qualities of published papers (Kilicoglu et al., 2009),
outcome polarity classification (Sarker et al., 2011), biomarker classification (Davis et al., 2015),
and adverse drug reaction mention detection (Sarker and Gonzalez, 2015) to name a few. Early
automated text classification systems were rule-based in nature mostly because of the absence of
annotated data (e.g., Sarker and Molla-Aliod (2010)). However, such rule-based systems are
generally limited in terms of performance and/or overfit to the target problem. With the rapid
increase in text-based data in all domains (e.g., the largest medical database, Medline,1 now
indexes over 27 million articles), most efficient text classification systems now use machine
learning. Such systems utilize annotated data, and automatically extract features from large
volumes of annotated text to perform classification. The rules that are used in classification are not
hard-coded or predetermined, but are learned from the annotated data automatically. Text
classification for various tasks has been thoroughly explored in the literature, and relatively recent
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progress has seen the use of techniques such as distant supervision (Mintz et al., 2009). However,
recent progresses are very much outside the scope of this workshop paper, so we now move on to
the technical design of our algorithm.
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2.1

Methods
Support Vector Machines

Support Vector Machines (SVMs) (Vapnik, 2000) have been used for text classification tasks with
significant success. They are particularly useful in text classification as they are capable of
handling large feature vectors (Joachims, 1997). However, to optimize the performance of SVM
classifiers, several parameters have to be tuned, as explained by Chang and Ling (2011). Because
of their success in text classification applications, we also use SVMs for this text classification
script. We use the python sklearn package to implement our classifier. We provide the
technical details of the implementation in the following subsections.
2.2
Prerequisites
The implentation is in python (2.7.*). In particular, the following python libraries are required:
•
•
•
•

sklearn – for performing the learning.
numpy – for mathematical operations.
nltk – for stemming and other natural language processing operations.
pandas – for file loading and representations.

These libraries are available with the python anaconda distribution.2 Note, if the stemmer gives
errors, the specific nltk modules probably need to be downloaded. To download the modules,
run python and use:
import nltk
nltk.download()
2.3
Technical Specifics
The current format assumes that the input is provided as a 3-column, tab separated file. The first
column contains the ID for each instance, the second column contains the CLASS, and the third
column contains the TEXT.
There are 3 python scripts for the classier. main.py calls runcrossvalidation.py to perform 10fold cross validation using the supplied training set. Optimal values for C parameter and weights
(which are particularly important when there is high imbalance among the classes) are learned
from this script through iterations of the 10-fold cross validations. Once these parameter values
are learned (the parameter values are stored in best params.txt), the runclassifier.py
script classifies the test set and prints them out to a file (classificationresults.txt).
The scripts can be run independently, as well as through main.py. Two run commands:
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python main.py [trainingfilename] [testfilename]
OR
python main.py [trainingfilename]
Not specifying a test file simply performs the 10-fold cross validation on the training set and
writes the results down.
3

Discussion

The results obtained by this classification system are not optimal. Current state-of-the-art in text
classification involves the use of informative features and the use of feature engineering
techniques for improving performance. However, based on our experimentation, this n-gram
based approach is likely achieve close to optimal performance.
Files of different formats can also be easily used. Within the function
loadDataAsDataFrame() (shown below), the items[*] need to be changed to represent
the appropriate column numbers, starting from 0.
def loadDataAsDataFrame(f_path):
'''
Given a path, loads a data set and puts it into a dataframe
'''
datalist = []
count = 0
infile = codecs.open(f_path,'r')
for line in infile:
instance_dict = {}
items = line.split('\t')
instance_dict['id1'] = items[1]
instance_dict['id2'] = items[2]
instance_dict['class'] = strip(items[6])
instance_dict['text'] = items[4].decode('iso-8859-1').encode('utf8')
instance_dict['drug'] = items[3]
instance_dict['date'] = items[5]
datalist.append(instance_dict)
count+=1
return pd.DataFrame(datalist)
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