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What is the problem?

There is a wealth of software now available, and
more is being created. Yet, finding software for a
given purpose remains surprisingly difficult. Few
resources exist to help users discover alternatives or
understand the differences between them.

What's wrong with Googling to find software?

= Must pick good terms. Difficult to do, worse for
nonnative English speakers or field outsiders.

What is our goal?

We seek to automate a continually-updated index of
software for users, particularly scientists. This will
require overcoming two challenges: effective software
discovery and accurate software characterization.

Our research question is: can an ontology-based
approach to software characterization produce
results that humans find acceptable?

What do people want?

We ran a survey in 2015 to understand how people
find software and what kind of info would be useful
in a catalog. Our 22-question survey went to mailing
lists in astronomy and systems biology. We received
69 responses. Demographics: people’s top 3 work
responsibilities were software development (82%),
software architecture (54%), and project management
(46%); people had 1-45 yrs of software development
experience, in small- to medium-sized teams.

How are we proceeding?

After acquiring and setting up server hardware, we
created a basic crawling system for GitHub. We
generated an index of over 25,000,000 public
repositories (e.g., names, descriptions, URLS, etc.),
obtained programming language info for 15,000,000
of those, README files for 2,000,000, and finally,
downloaded full repository copies for 330,000.

We are currently working on the next three of

several steps that will culminate in the creation of a
demonstration system: CASICS, the Comprehensive
and Automated Software Inventory Creation System.

What is our approach?

1. Infer software characteristics via ontology-based,
hierarchical multi-label classification

2. Apply the methods to SourceForge and GitHub
projects to characterize software

3. Leverage the ontology to improve search
4. Provide a demo interface and evaluate the results

= Too many results. The relevant software can be
buried and difficult to find.

= Hard to tell differences between results. Google
results don’t show software features—you must
investigate each result & compare them yourself.

What information should be captured in a catalog?

We asked “Suppose it were possible to create a public,
searchable catalog or index of software, one that would
record information about software of all kinds found
anywhere. What kind of info would you find most useful
to include for each entry in such a catalog or index?”
The graph below summarizes the results.

1. Exploring hierarchical topic inference

Developing a suitable ontology will be a challenge,
though starting points exist (see #2). To help, we are
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compare alternatives more systematically.

How does our project differ from other related work? Other developments are forthcoming ...

Other groups have explored methods to index software, and text-based source code analysis using machine
learning is not new. However, past accuracies have been modest, making the methods unsuited for reliable
software cataloging, and the project goals have also been different. Crucially, past work has not explored
using semantic knowledge to assist the classification process and organize the results for human use.
= Linares-Vasquez, et al. (2014). On using machine learning to automatically classity software applications into domain
categories. Empirical Software Engineering, 19(3).
» Linstead, et al. (2008). Mining internet-scale software repositories. Advances in Neural Information Processing Systems, 20.

= McMillan, et al. (2012). Exemplar: A source code search engine for finding highly relevant applications. IEEE Trans Soft. Eng., 38(5).
= Ugurel, et al. (2002). What's the code? Automatic classification of source code archives. In KDD '02.

Past cataloguing efforts have failed either because
they were simplistic (thus providing incomplete,
misleading or unhelpful content) or relied on
humans. Humans don’t scale—automation is the
only feasible way of cataloging the vast and ever-
growing number of constantly-evolving software
applications, libraries and other sources.
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Happily, the growing trend of putting software in
repositories such as GitHub opens new avenues.



