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Abstract

Documentation is vital to the understanding, maintenance and, ultimately, survival of
software projects . And yet, a lot of software projects either lack documentation, or are
very poorly documented. This results in a gradual decline in the quality of the code
and may require complete overhauls in extreme cases. It is therefore important to evalu-
ate documentation to ensure that it conveys clear and meaningful ideas. While existing
methods of evaluating documentation are metrics based and look at the structure of doc-
umentation examples, this paper explores the possibility of evaluating documentation by
assessing its contents. There is, however, a lack of an existing corpus of documentation
for natural language processing tasks. A corpus of Python function/method comments
is assembled, and a language modeling experiment is performed on them. The results of
this experiment are mixed. While they show that it is possible to evaluate documentation
by looking at its content as opposed to structure, they also show that this approach may
not necessarily be more accurate, with lower quality comment examples having higher

probability than those of higher quality.

Keywords: documentation evaluation; nlp; language modeling; function descriptions
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1 Introduction and Background

For any developer, technical documentation is an integral part of adjusting to a new sys-
tem. The more comprehensive the documentation, the less time it takes a new developer
to learn how to use a software or piece of code. The quality of documentation also affects
the maintainability of the source code or system[19]. Unfortunately, developers have a
tendency to neglect documentation, or write it in a way that is not comprehensive or
detailed enough to truly be user-friendly[23]. In addition, when new code is added to
existing source code, there is a high likelihood that the comments, which serve as source
code documentation, will not be updated to reflect the update[15].

When documentation is poor, it results in the degradation of the quality of the code in
question[19]. It also reduces the likelihood of the code or system to be stable through
upgrades|3].

In order to tackle the issue of the lack of documentation, several approaches have been
utilized. These include automated documentation generation|[22], the encouragement of
self-explanatory code and selecting priority areas for which developers must absolutely
write consistent and complete documentation|[23].

Even with advances in tools used in the documentation process and automation, it is still
necessary for documentation to be evaluated in order to truly assess whether it is capable
of meeting its goal of imparting knowledge to potential users[16]. In organizations, for
example, the onus would then fall on team managers to review documentation [if any]
that was being submitted along with code by a developer. This documentation can be
reviewed or evaluated in several ways depending on the structure and size of the organi-
zation, as well as the programming languages being used.

Currently, this documentation is measured as opposed to being evaluated. Open source
tools such as ‘Docstr-Coverage’ [24] for Python allow developers to measure documen-
tation coverage by detecting which modules in source code lack documentation. This
however does not stem the occurrences of redundant documentation in which developers
state the obvious. Docstring ratios while a step in the right direction, are not able to

effectively capture how comprehensive or user-friendly a piece of documentation is for



given source code.

Correspondingly, in the field of Natural Language Processing there have been several
developments in the creation of tools that can automatically analyze and perform other
operations on software artifacts, i.e. interpret natural language text such as documen-
tation and code comments[31]. Using Natural Language Processing tools to evaluate
documentation may lead to more informative and accurate results when testing. There
is however, as at this time, no existing corpus of documentation for use in NLP tasks.
This paper will be focused on Python source code comments for function declarations as
the specific type of documentation to be experimented on. In addition, good quality and
comprehensive will be used interchangeably as descriptors of documentation, while poor

quality and non-comprehensive will be used interchangeably as well.

1.1 Research Questions

Based on these observations, the objective of this paper is to propose a system that uses
Natural Language Processing (NLP) tools to analyze and evaluate documentation to test

for comprehensiveness. The hypothesis being tested is as follows:

1. Is it possible to compile a reliable corpus of documentation for use in Natural Lan-

guage Processing?

2. Will a system using Natural Language Processing be able to judge the comprehen-
siveness and user-friendliness of a piece of documentation by using the content and

not metrics?

3. Will it result in a more accurate depiction?



2 Related Work

2.1 Importance of documentation

From the health and technology to the justice sectors, documentation is a necessary
tool[33]. This documentation must, however, be diligently curated in order to be useful
to potential users. When it comes to source code, studies have shown that not only is doc-
umentation the second-most-used artefact for code understanding[29], it vastly simplifies
maintenance as well[17]. Documentation that is poorly written results in misunderstand-

ings and difficulty in maintenance|[18].

2.2 How documentation is being evaluated currently

Another way of evaluating documentation or technical text at the moment is a metric-
based measurement system. This still requires manual evaluation by assessors which is
time-consuming and results in increased cost. Also, metric systems for evaluating text,
while easy to implement, may result in oversights when it comes to the actual meaning of
the text. For example, a metric for completeness, as detailed by Aversano, Guardabascio
and Tortorella[4], would be calculated as a ratio of the number of classes in the code
to the number of classes described in the documentation. While this gives an idea on
whether every class has been documented, it does not account for ambiguity within the
documentation or the general level of understandability, user-friendliness or comprehen-
siveness shown.

Automatic quality assessment of comments has also been explored, with the JavaDoc
Miner notably being developed for Java[21]. While this project evaluates quality of lan-
guage of the source code comments and the consistency between source code and its
corresponding comments, it does so by using various heuristics and measurements such
as readability heuristics using the Flesch, Fog and Kincaid Indexes. It also takes into ac-
count measurements such as the words per Javadoc comment and the abbreviation count
per comment[21]. Although these are valid and certainly useful estimations of the quality

of source code comments, they are attempts at measuring the quality of the comment



structure as opposed to evaluating the contents of the comments themselves.

2.3 Benefits of Natural Language Processing in Software Engi-

neering

Software engineers/developers create natural language documents at many points in the
software development life cycle. These documents may include anything from user man-
uals to code commit messages and source code documentation. In order to extract useful
information from these documents, Natural Language Processing tools geared towards
technical text have been developed. An example of such a tool is QuARS, which is used
to analyze natural language requirements documents[14]. The automation of this task

has improved the development life cycle.

2.4 Choosing an NLP Library/Technique

In selecting NLP libraries for use on technical documents, it is important to keep in
mind the complexities that accompany such documents and choose relevant libraries in
accordance with those complexities[2]. Research shows that the use of varying libraries
can affect the results of the analysis being done[2]. One technique used in the analysis of
technical documentation is the Functional Analysis technique. This technique expresses
interactions as Subject-Action-Object triples and has been used notably for functional
analysis of patents as well as the analysis of software requirement documents[10]. For the
purposes of this research, Keras and its accompanying libraries will be used as they are

simple to implement[34].

2.5 Defining documentation quality

Documentation is an important tool in creating value for users[25,30]. For documentation
to maximize value, it needs to be comprehensive and of good quality. In the past, defin-
ing the metrics for documentation quality has required the assessment of various ideas

on quality such as documentation length and ease of search[5]. Various metrics-based



systems have also been implemented, studying metrics such as completeness, readability

and structure of documentation[4].

1. Completeness: this describes the ability of the documentation to describe all items

of the source code, i.e. classes, methods and packages|[4].

2. Readability: this examines the degree to which documentation expresses clear and

understandable concepts[4] and is calculated using the Flesch Readability Index.

3. Structure: this evaluates the structure of the documentation as regards the number
of chapters, sections and sub-sections, document length, density of tables and figures

et ceterald].

In evaluating documentation from a Natural language perspective, a few ideas from the
evaluation of software requirements written in natural language can be applied. These are
found in Meyer’s Seven Sins of The Specifier[13] which look at conceptual understanding

of requirement text.

2.6 Documentation that makes sense/ language modeling

A language model is a probabilistic mechanism for generating text[12]. It can also be
defined as a conditional distribution on the identity of the i-th word in a sequence, given
the identity of previous words[8]. Historically, language models have been used in sev-
eral natural language processing tasks such as Machine Translation, Speech Recognition,
Spelling Correction, Optical Character Recognition, Text Summarization and many oth-
ers[9]. In recent years, language modeling has evolved to include neural network based
models and these Neural Language Models (NLMs) achieve much better results than clas-
sical language models|9].

The use of language modeling in documentation is also not novel as language models have
been used in predicting programming comments[26]. Statistical language models have also
been used to predict reading difficulty of generic texts sourced from the web[11]. The goal

of this paper is to follow on the same path by applying these concepts in order to evaluate



whether documentation, specifically, in-line comments, make logical sense.

Building on the idea of readability as detailed by Aversano, Guardabascio and Tor-
torella[4], this paper seeks to evaluate the degree to which in-line source code docu-
mentation expresses clear and logical concepts by calculating for the probability of the

sentence using language modeling.



3 Approach and Methodology

The methodology for this paper can be outlined in four simple steps:

1. Defining a quality indicator
2. Building a corpus of good quality examples to train the language model

3. Testing the model on documentation examples classified as good quality and bad

quality

4. Evaluating the results

3.1 Defining a Quality Indicator

In this paper, in order to evaluate documentation, the content of the documentation
is assessed. To achieve this, it is necessary to explicitly describe what good quality
documentation looks like. Generally, in the evaluation of software engineering related
documents, there are several indicators used for assessing documentation quality including
ambiguity, conciseness, vagueness and others. Regarding this paper, quality is determined

as:

1. The documentation follows a logical pattern and expresses a clear and logical con-
cept. For example:
‘Given a file name, read the file, retrieve the stories, and then convert the sen-
tences into a single story” This example of documentation conveys a clear idea, is

semantically correct and is logical to a reader.

Great strides have been made in using NLP, specifically language modeling, to detect
anomalies or the level of correctness and probability of sentences. If a sentence or a
documentation example makes clear and logical sense, it will have a high probability when
passed through a language model[32]. It also means that for each example of function
describing documentation, in order for it to be assessed as quality documentation, every
word in the example must have a high likelihood of following its predecessor. This can be

represented using the Markov Assumption as:
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3.2 Sourcing of Training and Testing Documentation
3.2.1 Conditions for sourcing documentation

1. To ensure that the sourced documentation is accurately labeled, a manual sanity

check will be performed on random samples from the sourced data.

2. At least 2000 sentence examples will be collected for each type of documentation to

be evaluated.

3. Only one type of documentation must be used for training and testing to avoid

inaccurate comparison.

In order to accurately classify documentation as either comprehensive or not compre-

hensive, this paper sources two types of documentation for testing.

3.2.2 Documentation that can be classified as comprehensive

This is defined as documentation that makes logical sense. For the purposes of simplicity,
this documentation is sourced from six notable open source projects with a large following

and a rigorous pipeline for accepting contributions:

1. Keras [34]
2. NumPy [35]
3. SciPy [36]
4. Django [37]

5. Flask [38]



6. Scikit-learn [39]

It is assumed that as a result of the process documentation and code contributions
must go through before they are accepted, they are of good quality. This paper assembled
a corpus of good quality in-line function documentation containing 15,001 examples. To
source this documentation, a Python program was written that cloned the given GitHub
projects, traversed the cloned projects, and for every file in the folder, retrieved the method
descriptions. The data was then stored in a .DATA file to be used in training and testing
the model. Libraries used here were the Python subprocess, os, ast and pickle libraries.

The pseudo-code for sourcing the documentation is below:



NODETY PES < ast.FunctionDef ' Function/Method
cloneProjects

urls < list of github urls

index <1

root < os.getcwd()

while urls:

newChild — name of project

create new directory and change into it
run git clone on url using subprocess
os.chdir(root) change directory to root
index +=1

function recursiveFileFinder(root):

initialize functionDescriptions as List

j—0

for each item in os.walk(root):

for every file in item[2]:

rest,extension — os.path.splitext(file)

if ext is “py”:

functionDescriptions.extend (pyParser(os.path.join(item[0], file)))
return functionDescriptions

function pyParser(filePath):

open filePath as inputFile:

source — inputFile.read()
initialize class descriptions as List

tree — ast.parse(source)

for every node in ast.walk(tree):

if isinstance(node, tuple(NODETYPES):
docstring — ast.getyocstring(node)
ifdocstring :

appenddocstringto functionDescriptions

return functionDescriptions
function datasetCreation(functionDescriptions):

open new .DATA file as outputFile
pickle.dump(functionDescriptions)

10



Table 1: Examples of Comprehensive Documentation

Number | Examples

1 "Parse stories provided in the bAbi tasks format If ’only supporting’ is true,
only the sentences that support the answer are kept.

2 ‘Extract the module docstring.finds the line at which the docstring ends’

3 "Copy the examples directory in the documentation.files by extracting the
docstrings written in Markdown.

4 ‘One-hot encode given string C. ArgumentsC: string, to be en-
coded.numrows: Number of rows in the returned one-hot encoding. This
isused to keep the of rows for each data the same’

5 'Given a file name, read the file,the stories,then convert the sentences into
a single story.If maxlength is supplied,stories longer than maxlength tokens
will be discarded.

6 "Return the tokens of a sentence including punctuation.»> tokenize(’Bob

dropped the apple. Where is the apple?’)['Bob’, 'dropped’, 'the’, ’apple’,
"7 "Where’, ’is’, the’, ’apple’, '?’]”

3.2.3 Documentation that can be classified as not comprehensive

This is defined as documentation that does not make logical sense. That includes incom-

plete sentences. This documentation will be sourced from personal projects on GitHub

that are under the GPL or LGPL licenses and fit the criterion of not making logical sense.

The documentation that was classified as not comprehensive was sourced by building a

scraper for GitHub URLs using Python’s Beautiful Soup and Request libraries|28,40).

Table 2: Examples of Non-Comprehensive Documentation

Number | Examples

1 777 document’s write method 77"

2 K doc.meta.addElement(dc.Publisher(text=publisher)
doc.meta.addElement(dc.Rights(text=copyrights))”

3 "In the middle of a paragraph”

4 777 constructor 777

5 77 set for download asociated file 7"

6 777 MoinMoin used || to delimit table cells”””

11



3.3 Experiment
3.3.1 Objective

To determine that documentation makes sense, this paper will make use of language
modeling to calculate for the probability of a given sentence or sequence of words in a

class description.

3.3.2 Corpus

Table 3: Corpus

‘ Comprehensive Examples ‘ Non-Comprehensive Examples ‘ Total

Training 7500 - 7500
Testing 7501 33 7534
Total 15001 33 15034

3.3.3 Data Processing

In order for the model to train on the test data that has been gathered, the data must
first be processed into a format that can be understood by the model. This involves
tokenization to break down the examples into smaller units and one-hot encoding to map

the tokens to vectors[20,41].

3.3.4 Model

The language model was built using a Keras’ Sequential model and a Long Short-Term
Memory (LSTM) Recurrent Neural Network (RNN). A Neural Language Model (NLM)
was used because of its ability to produce good results on sequences of varying lengths[27].
LSTMs are excellent for use in language models because of their ability to capture long
term memory[42].

The model also consists of an embedding layer and a dense layer with a SoftMax activa-

tion function, RMSprop optimizer and a categorical cross entropy loss function[43]. The

12



model was then trained on the corpus.

> /usr/local/lib/python3.6/dist-packages/tensorflow/python/framework/indexed slices.py:434: UserWarning: Converting sparse IndexedSlices to a dense Tensor of unknown shape.

"Converting sparse IndexedSlices to a dense Tensor of unknown shape. "

Epoch 1/1

183433/183433 [ - 24298s 132ms/step - loss: 6.3721
<keras.callbacks.callbacks.History at ex7f6le@39aa58>

Figure 3.6 - Completed Training of Model

The model performed fairly well with a final loss value of 6.3721.

3.3.5 Calculating Probability

The code to calculate the probability of the sentences was obtained from an open source
project on GitHub[l] and optimized to suit the purposes of this paper. The function
returns the probability of each example that is passed to it. To test the hypothesis of
this paper, a list of test data that is considered comprehensive and a list of test data
that is considered not comprehensive were passed to the function, and the results stored.
The minimum and maximum probabilities of both test data sets , as well as the average

probability and variance are also calculated.

13



4 Results

To avoid disparity, and considering the limited non-comprehensive data, the test sample
for probability calculations was limited to 30 examples for both comprehensive and non-
comprehensive in-line source code comments. However, the available examples for testing
were 2000 examples of comprehensive examples and 33 examples of non-comprehensive

examples as shown in Figure 4 below.

Distribution of In-Line Examples for Testing

2000 - B Comprehensive In-Line Comments
B Non-Comprehensive In-Line Comments

1750

5 B &
[ TR = I |

m
=

Number of examples

175 2.00 225 250 275 100 325
In-Line Camments

Figure 4

The statistics calculated on the test data were:

Maximum probability of good and bad test data

Minimum probability of good and bad test data

» Average probability of good and bad test data
o Variance in probability of good and bad test data

Non-comprehensive comments had a higher minimum probability of 1.3048789%-72

than comprehensive data’s 0.0 probability. Non-comprehensive comments also had a

14



higher maximum probability than comprehensive data, with 8.079122833e-05 as com-

pared to 3.60583077e-09 for comprehensive data.

This means that the model believes non-comprehensive data is makes more sense or

is more probable to occur than comprehensive data.

Maximum Probability of In-Line Comments

-4
10 M Comprehensive In-Line Comments
B Non-Comprehensive In-Line Comments
jgw 1077 5
z
B 1070 ;
e
=1
S 10—
E 1073
=
1]
=
107% 4

175 2.00 225 250 275 3.00 3.25
In-Line Camments

Figure 5

There was much larger variance in the non-comprehensive test data set than the compre-
hensive data set as well, with the comprehensive data set registering a lower average than

the non-comprehensive test data.
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Variance in Probability of In-Line Comments
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B Non-Comprehensive In-Line Comments
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Average Probability of In-Line Comments
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Figure 5

These are certainly fascinating results. It would be expected that comprehensive in-line

16



comments for source code would generally have higher probability than non-comprehensive
in-line comments, considering that the idea of language modeling evaluates the actual con-
tent of the examples, as stated in the research question and explored through the literature
review. These results, however, do not confirm the second hypothesis, which seeks to gar-
ner more accurate results using Natural Language Processing. It must, however, be noted
that the examples in the corpus of comprehensive in-line comments have longer sequences
than those of the non-comprehensive in-line comments. This affects the performance of
the LSTM-based model as LSTMs can be difficult to use when there are long input se-
quences with a single output[7]. This outweighs the fact that the model was trained on
examples of comprehensive examples. More accurate results may be gained through the

use of other Natural Language Processing tools.
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5 Conclusion and Recommendations

5.1 Summary

This paper sought to build a corpus of documentation examples for use in Natural Lan-
guage Processing, to explore the idea of evaluating documentation using its contents as
opposed to various metrics, and to determine whether that method of evaluation would
provide accurate results. A corpus of comprehensive documentation was built by extract-
ing source code comments from notable open source projects. A much smaller collection
of non-comprehensive examples was assembled for the purposes of this paper from open
source personal projects on GitHub. A language model was built using an LSTM and
trained on a portion of the comprehensive data and then tested on both comprehensive

and non-comprehensive data by calculating for the probability of each example.

The results of the experiments were mixed with the non-comprehensive documenta-
tion having a higher maximum and minimum probability, average probability and variance
than comprehensive examples. While it does prove that documentation can be evaluated
on its content and semantics as opposed to structure and metrics, it also shows that this
evaluation may not necessarily be more accurate. The research in this paper, is however,
a solid steppingstone for future research into the evaluation of documentation based on
the inherent meaning it conveys to users. It may be possible to use other natural language
processing tools, even in the field of language modeling, that take into account the length

as well as the meaning of the given examples.

5.2 Limitations and Design Flaws

A major limitation of this paper was the lack of a GPU, which resulted in the use of Google
Colab to train and test the language model. While Colab proved immensely useful, it
is designed to time out after 90 minutes of idleness and this affected the training of the

model which took several hours.

18



A lack of data was another limitation of this paper. More examples to train the model
would reduce the risk of over-fitting to the available data and more testing examples would
provide more insights from the results.

A design flaw of the experiment was the fact that it does not take into account how length

of examples affects their probability, especially when working with an LSTM model.

5.3 Suggestions for Future Work
5.3.1 Building a Larger Corpus of Not-Comprehensive Documentation

In its attempt to build a corpus of documentation to be used for NLP tasks, this paper was
able to source 15,000 examples of comprehensive documentation. For non-comprehensive
information, however, the numbers are much lower. A higher number of examples could

lead to more informative results.

5.3.2 Further Cleaning/Pre-processing

In order to achieve better results in the experiment, further cleaning can be done of the
assembled corpus. The 15,034-word corpus of documentation does not take into account
commented out code, which would be recognized as comments. This may affect the
average probability of the comments in the corpus. In addition, the corpus does not
remove the ending of line (EOL) marker ‘/n’. While this may not affect the model as it
was trained on documentation containing these markers, it would produce cleaner data
for training and testing. Generally, more pre-processing of the data is necessary before

use in the model.

5.3.3 Using SciBERT

While there does not currently exist a standard corpus of quality documentation, re-
running this experiment using SciBERT, a version of Google’s BERT model that has
been pretrained on scientific text, may prove beneficial[6]. It includes cased and uncased

versions and provides state-of-the-art performance on several NLP tasks in the scientific
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domain. This model may then be fine-tuned using the assembled corpus of documentation

to improve performance and results.
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