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Introduction

In this cognitive area, many people are interested in using natural language processing (NLP) to extract insights from their
large collections of unstructured text. There are two main approaches to natural language processing: rules-based NLP and
machine-learning-based NLP. I decided to put together a brief example of how both techniques work so that you can

compare the two.

Problem setup

The problem I want to solve is to find all the times computer programming languages are mentioned in a block of text,
including languages that I have never heard of before. Rather than using a predefined list of programming languages (this
list called a ‘dictionary’ in NLP terminology), I want the NLP system to use only semantic clues from the text itself to

determine when a programming language is being discussed.

Further, I add two constraints to keep the example simple. First, I only process one document: the Wikipedia article on

techniques on equal footing.

Rules-based NLP
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Rules-based NLP is performed by expert rules developers. These developers scan source documents and try to discover rules
that will help extract key data points, balancing rules that extract too little vs rules that extract too much. For fun, skim the
article and see what rule(s) you might try.

I settled on the following simple rule:

For every sentence containing the word “language”, remove the first word, and any remaining capitalized words are

programming languages.
The results are interesting. I'll select snippets of text and bold the “programming languages” detected by my NLP.

Sometimes this rule is good:
“ The language above is Python.
Sometimes this rule is great:

“ In 2013 the ten most popular programming languages are (in descending order by overall popularity): C, Java, PHP, JavaScript,
C++, Python, Shell, Ruby, Objective-C and C#.

Sometimes the rule is way off (none of the bold words are programming languages):

“ Edsger Dijkstra, in a famous 1968 letter published in the Communications of the ACM, argued that GOTO statements should be
eliminated from all “higher level” programming languages.

And the rule also misses some easy ones (Java is a programming language):
“ Java came to be used for server-side programming.

Still, the rule was simple to write with only a few lines of code, and it performed reasonably well. I manually counted the
number of programming languages mentioned in the article as 103. The rule found 106 programming languages, 56
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correctly detected, 47 incorrectly, thus giving precision of 52.8%, recall of 54.4%, and F1 score of 0.537. (F1 score is our
accuracy metric.) Not bad for one rule.

See full code listing: ProgramminglanguageRulesBasedAnnotator.java.

See video demonstration:

Developing Natural Language Processing With Rules

Machine-learning-based NLP
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Machine-learning based NLP does not use any rules - rather it “learns”, or is “trained” by, source documents “annotated” by
subject matter experts. Think of annotating as using a highlighter on a source document, highlighting every concept you
want the machine learning model to learn. (Use a different colored highlighter for every “type” of concept you want to

learn.) For my machine-learning-based NLP, I created a demo instance of Watson Knowledge Studio.

Watson Knowledge Studio suggests you break training documents into 2,000 word sub-documents for optimal machine-
learning performance. I actually broke my document into 20-line segments, averaging 500-600 words. I did this mostly
because annotating can get tedious and annotating smaller documents at a time gives you more breaks, but also so that

Watson Knowledge Studio could better randomize my documents into training sets.

Entity

P ProgrammingLanguages.part_ad.txt

Ty

L The Linited States senment standandiced A syshems programming lar forved from Pascal and

Modula-2 . Ay nd ML all dewsloped notable moduld Systems tha 19805, wi

A training document in Watson Knowledge Studio editor.

All of the documents I annotated became “ground truth” for the machine learning model. I submitted my document set to
Watson Knowledge Studio for training, and in approximately 10 minutes I was able to review the results. A nice touch in

Watson Knowledge Studio is that the same style of interface is used to review the machine learning results.
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Watson Knowledge Studio training results for a single test document

In the example we can see that the machine learning model correctly identified the languages Java and Smalltalk, and
missed the programming language Scheme. Incidentally, our single rule would have missed Java and Smalltalk but would
have found Scheme! Watson Knowledge Studio also gives us overall performance numbers for the model.
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Overall accuracy results from Watson Knowledge Studio NLP model

In a shocking turn of events, the machine-learning model has 100% precision, meaning that every time it highlighted text as
a programming language, it was correct. However, the recall of 36% means that it only highlighted 36% of the actual
programming languages labeled in the ground truth. 100% precision is an unheard of result, surely due to my exceptionally

small training data size. As the model improves its recall, precision will certainly drop a bit.

An interesting turn of events is that the rules-based model and the machine-learning-based model had nearly identical F1
scores at approximately 0.53. This is a modest result, not sufficient for a production system but not bad for giving about an
hour to each method.
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See video demonstration:

Conclusion

This post introduced a small problem to solve with natural language processing and demonstrated two different NLP
approaches. Each produced modest results in a quick-and-dirty implementation. In a future post I will further discuss the

pros and cons of rules-based vs machine-learning-based as well as discuss how I would go about improving my results with
each technique.
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