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Abstract—The documentation of software libraries is an es-
sential resource for learning how to use the library. Bad doc-
umentation may demotivate a developer from using the library
or may result in incorrect usage of the library. Therefore, as
developers select which libraries to use and learn, it would be
beneficial to know the quality of the available documentation. In
this paper, we follow a systematic process to create an automatic
documentation quality evaluation tool. We identify several docu-
mentation quality aspects from the literature and design metrics
that measure these aspects. We design a documentation quality
overview visualization to visualize and present these metrics, and
receive intermediate feedback through a focused interview study.
Based on the received feedback, we implement a prototype for
a web service that can evaluate a given documentation page
for Java, JavaScript, and Python libraries. We use this web
service to conduct a survey with 26 developers where we evaluate
the usefulness of our metrics as well as whether they reflect
developers’ experiences when using this library. Our results
show that participants rated most of our metrics highly, with
Text Readability, and Code Readability (of examples) receiving
the highest ratings. We also found several libraries where our
evaluation reflected developers’ experiences using the library,
indicating the accuracy of our metrics.

I. INTRODUCTION

Software libraries provide reusable code that helps devel-
opers quickly integrate specific functionality. To benefit from
such code reuse, developers usually first compare multiple
libraries that offer the needed functionality [1]–[3] and then
spend time to learn the selected library for efficient integra-
tion into their code [4]. Fortunately, most libraries include
documentation that helps in library selection [2], [5]–[11] as
well as in learning how to use a library. However, if the
documentation is low quality then it is not only ineffective
in assisting developers to use the library, it may cause further
confusion, e.g., if the information is incorrect or out of date.
Libraries with higher documentation quality will take less time
for a developer to learn, which raises the question of “What
are indicators of documentation quality?” In fact, in previous
research on selecting and comparing software libraries across
different metrics, the most demanded additional metric to
include was the quality of the library’s documentation [2].

While there are existing efforts for evaluating and un-
derstanding documentation quality, they either focus on a
few characteristics that may not be relevant to library se-
lection [12], [13], such as documentation page clones [13],
or do not provide accessible automated implementations for
measuring these characteristics [14]–[16]. In this paper, our
goal is to create an automatic documentation quality evaluation
tool to aid developers in comparing and selecting a library to
learn and use.

We begin with an overview of related work on software
documentation (Section II), which we use to find documenta-
tion quality aspects. We prioritize these aspects according to
their importance in the literature and focus on five aspects:
completeness, readability, code examples, ease of use (of
documentation), and up-to-dateness. We then use the Goal-
Question-Metric (GQM) paradigm [17] to define nine metrics
to measure theses aspects. We create an initial mockup of
our documentation quality summary based on these metrics
(shown in Figure 1) and conduct an interview with three
professional developers for early feedback (Section IV). Based
on the feedback we receive, we implement and verify all
metrics and create a public web application prototype (Fig-
ure 2) that allows developers to visualize the documentation
quality summary of any Python, Java, or Javascript library
(Section III). Finally, we use this web application to conduct
a broader survey evaluation of our metrics and documentation
quality summary page.

We received 26 survey responses for 12 of 40 analyzed
libraries across the 3 supported languages. Overall, partici-
pants found our summary to be useful (median score 4/5).
We find that the most highly rated metrics are the “Text
readability” and “Code readability” metrics, suggesting that
library maintainers should focus on clearly communicating
information through the descriptions and code examples in
the documentation. Our work not only provides developers
a tool to quickly evaluate a library documentation’s quality,
but it also assists library maintainers by highlighting the
documentation quality aspects they should focus on. Our work
also opens up the possibility of creating additional metrics to
measure other documentation aspects, as well as extending our
current prototype for additional programming languages.

The contributions of this paper are as follows.
• The definition, automation, and verification of nine met-

rics for evaluating documentation quality.
• An interview study with three professional developers,

and a survey evaluation with 26 software developers to
verify our metrics and presentation.

• A prototype for a web application 1 that accepts a library
link as input and produces an overview summary of a
library’s documentation quality. To date, the service pro-
cessed 40 libraries (22 Python libraries, 5 Java libraries,
and 13 Javascript libraries).

Our artifact page [18] contains our prototype implementa-
tion and data from 40 libraries.

1https://smr.cs.ualberta.ca/docquality/
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II. BACKGROUND & LITERATURE REVIEW

A. Types of Documentation & Scope

Software documentation can describe various types of docu-
ments that appear during the software development and main-
tenance lifecycle [5], [19], ranging from requirements, archi-
tectural documents, to source code comments. Documentation
can also have different target audiences, e.g., the system’s
developers, maintainers, or end users. In our work, we focus
on official documentation for a library’s client developers [11],
[20]–[22], which typically conveys information about the
public Application Programming Interface (API), installation
instructions, or other information on using the library.

B. Documentation Quality Aspects

To develop metrics that evaluate library documentation
quality, we first need to identify which aspects affect docu-
mentation quality. Table I summarizes our study of previous
research; it shows each documentation quality aspect men-
tioned in the literature, its definition, and the references that
identify/consider this aspect.

Forward and Lethbridge [5] conduct a survey to under-
stand the kinds of documentation used by various roles in a
software project (e.g., architects, developers, managers) and
which documentation attributes are important across these
roles. Robillard [7] surveyed 80 participants to explore the
issues developers face when learning APIs, and Uddin and
Robillard [25] surveyed 69 developers to collect common doc-
umentation problems, which they combine into 10 categories
(referenced in Table I). All of these efforts revealed similar
documentation issues including, but not limited to: insufficient
or inadequate examples, incomplete content, and no reference
on accomplishing specific tasks with the API.

While there is additional work that also explores the issues
and attributes of documentation [4], [19], [23], [24], [27],
[29], [30], they include the same documentation quality as-
pects discussed above. Table I summarizes all quality aspects
(ordered alphabetically) and the references that discuss them
in. In Section III, we use this table to select the documentation
aspects to measure.

C. Measuring Documentation Quality

We now discuss previous efforts in automatically evaluating
documentation quality. Forward [12] explored the creation of
a documentation quality indicator by combining metrics of
an Artefact’s Usefulness, Referential decay, and Authority, or
AURA. Forward [12] defined usefulness as a measure of a
document’s recency, frequency, and feedback, which requires
long term monitoring of a document. Referential decay uses
a document’s last modified date to calculate its relative in-
consistency with the source code. Finally, Forward [12] uses
Kleinberg’s authoritive ranking technique [31] as a measure
of a document’s authority, indicating the importance of a doc-
ument compared to other documents with similar information
(e.g., external blogs). Although these metrics are potentially
useful, AURA requires long term data collection in order to
calculate its metrics.

TABLE I: Summary of Documentation Quality Aspects

Aspect Definition References

Accessibility How difficult is it to find the documentation? [5], [9], [10]

Appeal How interesting is it to read? [23]

Appropriateness comments Density of source code comments [14]

Authority How much authority does the documentation have? [5], [9], [12]

Code examples The existence of code examples in the documentation [4], [5], [7], [8], [24],
[25]

Cohesion How well does the documentation fit together? [23]

Completeness
Is the information in the documentation complete?
Is all the source code documented?
Is all the tasks/features documented?

[7]–[10], [14], [15],
[25]–[28]

Consistency Is the documentation consistent with itself?
Same terminology, same format, etc. [8], [9], [22], [23], [25],

[26]

Consistency (to standard)
Does the documentation conform to a
documentation standard defined by an
external authority?

[10], [14]

Correctness Is the information in the documentation
accurate? [8], [9], [25], [27]

Documentation PoV The documentation should be written
in the point of view of the reader. [29]

Ease of Use How easy is the documentation able to be used?
e.g., navigation, internal and external links [4], [5], [14], [24], [25]

Effectiveness Does the documentation make effective use
of technical vocabulary? [23]

Fitness of purpose Does the documentation fit its intended purpose [29]

Format What file format is the documentation?
e.g., HTML, PDF, etc. [5]

Graphical Support Does the documentation use images? [5], [8], [14]

Length The length of the sentences in the documentation. [5], [14]

Maintainability How easy is the documentation able to be updated? [27]

Organization Is the information in the documentation organized
efficiently? e.g., Sections/subsections [5], [7]–[10], [14], [23],

[25], [29]

Preciseness How precise is the documentation? [8]

Quality How well written is the documentation? [23]

Readability How easy is the documentation read? [5], [8], [9], [14], [22],
[23], [25], [27]

Record rationale Does the documentation include design decisions? [29]

Relevance of content Is the information in the documentation relevant? [5], [7], [8], [23], [25],
[29]

Spelling and Grammar Spelling and grammar of the documentation [5], [9]

Support many scenarios Does the documentation support many
scenarios? [7]

Traceability What is the extent to which changes in the
documentation can be tracked? [9]

Type What is the type of documentation?
e.g., Requirements, Specifications, Testing, etc. [5]

Understandability How understandable is the information
in the documentation? [23], [25], [29]

Up-to-date How up to date is the documentation
relative to the source code? [5], [8]–[10], [12], [14],

[22], [25]–[27], [29]

Usability To what degree in which users can use the
documentation to achieve objectives? [27]

Usefulness How useful is the documentation? [12]

Aversano et al. [14] evaluated the quality of documentation
of open-source software. In their work, they define multiple
aspects of documentation quality, such as: completeness, align-
ment (i.e., up-to-dateness), readability, and ease of use. Many
of these aspects were also identified by previous researchers
(Section II-B). Although Aversano et al. [14] do define au-
tomatically measurable metrics for aspects of documentation,
they do not actually implement these metrics in a usable tool
or evaluate if these metrics adequately measure the intended
aspects. Note that our completeness and readability metrics
match those used by Aversano et al. [14].

Other attempts at evaluating parts of software documen-
tation include Zhong and Su’s [15] DocRef tool and Lee
et al.’s [16] FreshDoc tool, both of which attempt to find

68

Authorized licensed use limited to: New York University. Downloaded on October 29,2025 at 12:40:49 UTC from IEEE Xplore.  Restrictions apply. 



TABLE II: Summarized GQM for the five selected aspects

Goal/Aspect Question(s) Metric(s)

Up-to-date
Is the documentation
consistent with the
source code?

(M1) Ratio of matching public methods
between documentation and source code
(M2) Ratio of matching public classes
between documentation and source code

Completeness

- Are the methods/classes
found in the documentation
in the source code?
- What are the documented
tasks and/or features ?

(M1) Ratio of matching public methods
between documentation and source code
(M2) Ratio of matching public classes
between documentation and source code
(M3) Documented task list

Readability

- Is the documentation
text readable?
- Are the code examples
readable?

(M4) Flesch readability score [32]
(M5) Code readability metric from previous
literature [33]–[35]

Code examples
Do all public
API methods/classes
have code examples?

(M6) Ratio of public API methods with code examples
(M7) Ratio of public API classes with code examples

Ease of use

(of documentation) How easy is it to navigate
the documentation?

(M8) HCI web page navigation checklist [36]–[38]
(M9) Quick start check

discrepancies between the documentation and source code.
Our work is different from the above in that we provide

(1) a comprehensive summary of documentation quality that
addresses multiple important documentation aspects, (2) an
automatic service that evaluates documentation quality, and (3)
validated metrics through manually constructed ground truths,
developer interviews, and survey participants.

III. SELECTION OF ASPECTS AND METRICS

We use our literature review from Section II to guide our
selection of aspects to develop metrics for. We do not discuss
concrete metric implementations here, but rather in Section V.

a) Selecting documentation aspects: To avoid over-
whelming developers with too much data about all possible
metrics for evaluating documentation quality, we focus on a
subset of documentation aspects as follows. First, we look at
the number of supporting literature references of an aspect.
Since many of these references base their findings on de-
veloper input, aspects mentioned repeatedly suggest that they
are more important to developers in assessing documentation.
However, sometimes these aspects are difficult to objectively
and automatically measure. For example, the “Organization”
aspect in Table I has relatively many supporting references,
but is difficult to measure as there is no standard for what is
considered “organized”. Therefore, we also consider whether
aspects are “potentially measurable” (i.e., can be objectively
and automatically calculated) as an additional selection crite-
ria.

We use Aghajani et al.’s [19], [27] comprehensive taxonomy
of documentation issues and Forward and Lethbridge’s [5]
attribute list as a starting point for aspects to focus on. These
two sources help us narrow our focus on documentation
quality aspects that developers find hindering their learning
of a library, corresponding to our goal of focusing on the
end users of a library. From these two sources, we select the
following measurable aspects: Completeness, Readability, and
Up-to-dateness. From this starting point, we then look at the
other documentation aspects from the literature in Table I and
additionally select the next most supported and measurable
aspects, which are Code examples and Ease of Use. Our final
selection of documentation aspects to measure are: (1) Up-to-

date, (2) Completeness, (3) Readability, (4) Code examples,
and (5) Ease of Use (of documentation).

b) Deriving Metrics for Selected Documentation Aspects:
The Goal-Question-Metric (GQM) paradigm [17] is an ap-
proach that starts from a high-level “goal”, where the idea is
to ask “questions” about the goal, and ends with “metrics”
that answer the “questions” and measure the “goal”. For
example, the “Code examples” aspect is about the existence
of code examples in the documentation, which we can turn
into a “goal”, i.e., the goal is to have code examples in the
documentation. Then, we move on to ask “questions”, where
the purpose of the “questions” is to explore and define objects
that represent the goal. One question a developer may ask
for the “Code examples” aspect might be “Do all public API
methods/classes have code examples?” Finally, “metrics” are
created to measure answers for these questions, e.g., measure
how many code examples exist in the documentation for
a method or class of the library. Table II summarizes our
GQM [17] process for the five selected aspects. We discuss the
details of each metric and how we implement its measurement
in Section V. Note that some metrics can measure multiple
goals (aspects), while multiple metrics may be needed to
measure one goal (aspect). Overall, we derive eight metrics
at this point of our work (numbered M1 to M8); we added the
ninth metric (M9) later based on our interview study, described
next.

IV. INITIAL INTERVIEW STUDY

Before fully implementing the metrics, we create a mockup
(Figure 1) of how we want to present and summarize the
metric information. To ensure that we build tooling that is
useful to developers, we conduct an intermediate small inter-
view study as a checkpoint. Our goal is to get early feedback
regarding the following questions: (1) Are our metrics useful in
evaluating documentation quality?, (2) Do our metrics measure
the documentation aspects they intend to measure? and (3) Is
our presentation of each metric easy-to-read and understand?

A. Interview Study Setup

1) Presented Mockup: To provide a realistic mockup with
reasonable values, we manually calculated the values of the
metrics for one page of the ReactJS documentation [39]
and used this mockup to receive intermediate feedback from
developers through our interview study.

Our initial summary visualization shown in Figure 1 has
six components, labelled as c1⃝ - c6⃝. Although components

c1⃝ (name) and c5⃝ (license) are not any of our metrics, we
include them to provide background information about the
library. Component c2⃝ is a visualization of the individual
metrics measuring the number of public API methods/classes
that have a code example provided in the documentation
(metrics M6 and M7 from Table II). Component c3⃝ displays
multiple metrics. The “Average readability of x” refers to
the rating of either the documentation text readability or the
code example readability (metrics M4 and M5). Component

c3⃝ also includes the two ratios of matching methods/classes
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Fig. 1: Initial mockup of documentation quality overview. We validate this mockup in our interview study.

in the documentation with the source code (metrics M1 and
M2) displayed as one metric labelled “Documentation/Source
code consistency”. We do not use the term “up-to-date” in
our visualization because “up-to-date” implies accompanying
information (e.g., textual descriptions, code examples, etc.),
about the API is also “up-to-date” [16], [40]; however, we
only measure matching signatures and definitions which we
combine through an equally weighted sum. The last metric
presented in Component c3⃝ is the “Navigation Score” (metric
M8). Component c6⃝ is the “List of tasks”(metric M3), which
details what tasks can be done with the library, as extracted
from the documentation. It also provides information on
whether each task has an accompanying code example in the
documentation between parentheses. Finally, component c4⃝ is
a “general rating” of the documentation quality, which is an
equal weighted combination of the previous metrics.

2) Participants and Interview Structure: Our participants
are professional software developers, working in an industrial
research company, and developing mainly using Javascript.
After receiving ethics clearance from our university, we in-
terview three developers of varying seniority and experience
from this company. P1 is a junior R&D Engineer with 4 years
experience, P2 is a junior developer with 2 years experience,
and P3 is a senior R&D Engineer with 12 years experience.
We conduct the interviews online through Zoom following
a semi-structured setup [41], where we use pre-determined
guiding questions but allow the discussion to deviate and
explore tangent directions. We kick-start the discussion with
open-ended questions about what they perceive as positive
and negative features in library documentation (i.e., what do
they like seeing in documentation and what do they dislike
seeing). We then show participants our documentation quality
mockup, Figure 1. For each component in the mockup, we
ask developers whether (1) the metric adequately represents
its intended aspect and (2) whether that aspect is beneficial in

evaluating documentation quality. When a participant did not
understand the goal or intention of a metric, we noted that
and explained it to them before asking them again to answer
these two questions. Each interview lasted ∼ 30 minutes and
was recorded (with participant consent and ethics clearance)
for later transcription and analysis.

B. Interview Results

Due to space limitations, we focus on presenting the re-
sults related to our documentation quality summary. Our arti-
fact [18] includes additional discussions from the interviews.

1) General mockup feedback: Generally, all participants
found our mockup clean and appreciated the current informa-
tion presented as an overall report on a library’s documenta-
tion. However, they had several comments about presentation
such as using the space more effectively to draw more attention
to important information. For example, component c2⃝, though
important, takes too much space on the page, and instead, that
space could be used to make the “List of Tasks” (component

c6⃝) more prevalent (which all participants found important).
As such, participants suggested changing the structure of the
different components, i.e., placing more important information
(e.g., list of tasks, general rating) on the left side, and moving
the metrics to the right side. Participants also suggested using
more succinct labels for some metrics while at the same
time better conveying what the metric is trying to measure,
e.g., changing “Average readability of documentation text” to
“Readability of text”.

2) API methods/classes in Code Examples ( c2⃝): We got a
unanimous “yes” about the usefulness of this component, with
P3 responding, “‘...hopefully I would like to have 100 percent
every time...”. However, participants suggested replacing the
(unnecessary) pie charts with a single line for each metric.

3) Documentation & code example readability c3⃝: All
participants responded that readability of text and code ex-
amples are important. Participants did not want to waste time
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or effort understanding complex explanations and prefered
short, concise sentences that convey the intent of what is
being described. Participants also think that readability of
code examples is important. Since developers gravitate toward
code examples to quickly understand how to use the library,
its clarity and understandability is necessary for developers
to feel comfortable with the library enough to experiment
with it. All participants conveyed their satisfaction with the
way we presented this information in the mockup, with P2
stating “You give me one important information, because
average readability of documentation is something I value a
lot. ...[Y]ou gave me that is four out of five and you gave me
information on how you calculate it. So it’s perfect.”

4) Source code/documentation consistency c3⃝: All partici-
pants agree that consistency is important because documenta-
tion builds “trust” between the developer and the library. P3
elaborates “Let’s say [I start with] 100% trust the documen-
tation is up to date and correct, and if I ever find out that it
is not the case, even for one method, then I tend to kind of
ignore it and start digging into the code much more.” This
supports our current metric of rating the consistency between
the documentation and source code.

5) Navigation score c3⃝: Our intent with “Navigation score”
is to capture how easy it is to navigate the documentation
to find wanted information. Participants expressed interest
in this metric but did not have feedback about presenting
or measuring it differently. One comment all participants
mentioned is that they like to see a “quick-start” guide
as part of a library’s documentation as quick start sections
provide basic information without too much navigation into
the documentation. When implementing navigation score in
Section V-D, we create metric M9 to capture this.

6) Library tasks c6⃝: For this component, the participants
responded that knowing the tasks a library supports is im-
portant. However, they commented that there are too many
tasks in the list and that it is difficult to navigate. Aside
from presentation concerns, P3 states that “Code examples...I
think is the thing that I love to see the most”, and this is
because “...descriptions I tend to get kind of confused...code
examples if you run with these parameters, you get that.” In
other words, code examples provide a clearer understanding of
the intentions of a library, and how it accomplishes a particular
task compared to textual descriptions. As such, code examples
go hand in hand with knowing what tasks a library supports.
This feedback supports our decision to additionally provide
information about whether a task has an accompanied code
example in the documented task list.

V. IMPLEMENTATION OF DOCUMENTATION QUALITY
SUMMARY

We now proceed to implement the metrics and their visual-
izations. Figure 2 shows our finalized documentation quality
summary, which incorporates the interview feedback. In this
section, we describe our implementation of each metric and
the ground truth we used for verification.

A. Documented Task List

We now discuss how we implement metric M3 which
was displayed as component c6⃝ in Figure 1. In our final
implementation in Figure 2, we instead display it on the right
side, as suggested, and rename it to “Documented Library
Tasks”. We also sort the tasks alphabetically and use the green
visual checkmark to indicate the presence of code examples.
To implement this component, we first extract tasks from the
documentation (task extraction phase) and then find and link
code examples to those tasks (task linking phase).

1) Task Extraction: To extract tasks from the documen-
tation, we use TaskNav (short for TaskNavigator), a task
extraction tool created by Treude et al. [42]. To identify tasks,
TaskNav relies on analyzing the grammatical structure of a
sentence to see if there is a potential task phrase. Specifically,
the authors define a task phrase as a “...[a] verb involved
in a dependency with an object or with a prepositional
phrase (or both)...” [42]. They focus on a specific set of
predefined programming verbs based on extensive testing and
investigation of documentation pages. We provide the full list
of considered programming verbs on our artifact page [18].

To demonstrate how TaskNav works, let us take paragraph
“p-1” from Listing 1 as an example. TaskNav splits this para-
graph into three sentences and extracts the following four tasks
from them: (1) run series before entity building, (2) run series
of TokensRegex rules, (3) specify set of TokensRegex rules,
and (4) call TokensRegexAnnotator sub-annotator. There are
three tasks extracted from the first sentence, because the words
“run”, and “specify” are in the list of considered verbs, and
there is a dependency from these verbs to the objects “entity
building”, and “TokensRegex rules”. The second sentence has
the verb “call” and the object “TokensRegexAnnotator sub-
annotator”, leading to the fourth extracted task, while the third
sentence does not have any extracted tasks.

To verify the correctness of our task extraction process, we
evaluate it on eight documentation pages from four different
domains and three different programming languages. We use
the orjson [43] and JSON-java [44] library README pages,
the Stanford NLP “Named Entity Recognition” [45] and
“‘Command Line Usage” [46] pages, the NLTK “parse” [47]
and “tag” [48] pages, jQuery “get” [49] page, and React
“Component and Props” [39] page. These eight pages contain
1,681 paragraphs (based on the HTML <p> tag). Two authors
manually analyze these paragraphs and extract tasks, based
on the task definition of any usage of the library, including
its API, installation instructions, and interaction with other
software. After discussing and resolving disagreements, we
have a ground truth of 354 tasks. Since this is not a closed
coding task, we cannot use Cohen’s Kappa [23] to measure
agreements. Instead, we provide the percentage of paragraphs
where both authors extracted the same library tasks, e.g., if
author 1 extracted tasks A, B from a paragraph, and author 2
extracted tasks A, B, C, then this paragraph would be marked
as a disagreement. Our percentage agreement over the eight
pages ranged from 50% to 83%, with a median of 71%.
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Fig. 2: A screenshot of the final prototype of our documentation summary page

Listing 1: Example documentation html content from https:
//stanfordnlp.github.io/CoreNLP/ner.html
<p> {% p-0 %}

By default no additional rules are run, so leaving
↪→ ner.additional.regexner.mapping blank will cause this phase to
↪→ not be run at all.

</p>
<h3 ...> {% h-0 %} Additional TokensRegex Rules </h3>
<p> {% p-1 %}

If you want to run a series of TokensRegex rules before entity building,
↪→ you can also specify a set of TokensRegex rules. A
↪→ TokensRegexAnnotator sub−annotator will be called...

</p>
<p> {% p-2 %} Example command: </p>
<div ...>

<pre ...> {% pre-0 %}
java edu.stanford.nlp.pipeline.Stanford...

</pre>
</div>
<p> {% p-3 %} You can learn more ... </p>

We evaluate recall and precision of our TaskNav-based task
extraction on this ground truth. We extracted 592 tasks across
the eight pages, with a precision of 4% to 20% for each page,
and a median precision of 14%. The recall ranges from 5% to
79%, with a median of 49%. We find that the main reason for
low recall and precision is that some verbs relevant to a given
domain are not included in Treude et al. [42]’s list while others
that appear in a task phrase are too generic. To remedy this,
we create domain-specific verb lists as well as an exclusion
list of verbs that raise too many false positives. Using these
modified verb lists raised our median precision to 41% and
median recall to 65%.

2) Code Example Linking: After extracting tasks from
paragraphs, we want to link the code examples found on the
same documentation page to the paragraphs that are related
to them. This is not part of Treude et al. [42]’s TaskNav tool
so we design the following heuristic to link code examples
to tasks. Given a code example, our linking considers only
paragraphs that are (1) above the code example, (2) do not
have a header in between the paragraph and code example, and

(3) contain a task phrase. Our intuition is that the description
of a code example (in the form of a task) usually precedes
the example and is contained within the same section of the
document. Thus, for each code example denoted by the <pre
↪→ > tag, we traverse the HTML DOM tree upwards to find
the nearest paragraph that contains a task phrase from the
previous step.

In the example from Listing 1, we find the code block pre-0
and attempt to link this code example to a task in a paragraph.
According to our heuristics, we ignore paragraphs p-0 and p-
3. Since p-0 has header h-0 between it and the code example,
and paragraph p-3 is below the example, this leaves paragraphs
p-1 and p-2 as candidate paragraphs. Since paragraph p-1 has
four extracted tasks while paragraph p-2 does not have any
extracted tasks (see Section V-A1), we link code example
pre-0 to paragraph p-1. If both paragraphs p-1 and p-2 had
tasks, then we would have selected the closest paragraph to
the example, i.e., paragraph p-2. Note that a code example
will be linked to all tasks from the linked paragraph.

To verify the task linking technique, we again construct a
ground truth using the same eight pages above. Two authors
select which paragraph (if any) to link with each code example
available in these documentation pages. This resulted in 227
linked code examples and paragraphs. Our agreement ranged
from 64%-100% per page. We find that our linking precision
ranges from 0%-100% per document, with a median of 52%
while recall ranges from 0%-92% with a median recall of 42%.

One reason for false positives is that our automated tech-
nique links the example to the closest paragraph that contains
tasks and is located above it. If the descriptive paragraph
is underneath the code example or the correct descriptive
paragraph did not have extracted tasks, then our technique will
instead incorrectly link the example to the closest paragraph
with tasks. This means that evaluating the task linking on
the ground truth double penalizes the program, once for
its performance on the task extraction, and again for being
unable to correctly link code examples. False negatives occur
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Listing 2: Code example, StanfordNLP Simple API doc
Sentence sent = new Sentence(”your text should go here”);
sent.algorithms().headOfSpan(new Span(0, 2)); // Should return 1

when our technique fails to link an example to a paragraph
because this paragraph is above the header or below the
example or does not have an extracted list. To isolate the task
linking effectiveness, we evaluate again using a subset of 107
code examples whose linked paragraphs contain automatically
extracted tasks. Using this subset, the task linking precision
ranged from 43%-82% with a median precision of 44%, while
the recall ranged from 12%-75% with a median recall of 36%.

B. Documentation and Source Code Comparison

There are four metrics from Table II that require comparing
the documented APIs with the APIs offered in the actual
source code: M1, M2, M6, and M7. Since some of the
techniques we use to calculate these metrics are common, we
discuss them together in this section.

1) Methods/Classes with Code Examples: To calculate met-
rics M6 and M7, displayed as “Methods with examples”
and “Classes with examples”, we need to find which library
API methods appear in documentation code examples. We
begin by extracting all code examples from the documen-
tation page designated by the <pre> tag. We then filter
code examples without a method call by checking for at
least one open parenthesis (“(”). This simple heuristic al-
lows us to support incomplete code examples and several
programming languages. Listing 2 shows a code example
from the Stanford NLP [50] documentation. We extract
the following method calls: (1) Sentence(‘‘your text
should go here’’), (2) sent.algorithms(), (3)
headOfSpan(new Span(0, 2)), and (4) Span(0,
2).

We next extract public methods from the library’s source
code on GitHub by traversing the Abstract Syntax Trees (AST)
of each source file in the src/ directory or in a directory with
the same name as the library. We create a database of the
fully qualified name of each public method we find. We then
compare the method calls extracted from the code examples
in the documentation to the database of public methods. We
compare method names and number of arguments/parameters
to find a match. If we have multiple matches (i.e., all same
name and parameters), we err on the side of precision and do
not report any match. Once we find a match, we consider this
library API as having a code example in the documentation.
For the class level, we consider that a class has code examples
in the documentation if there is at least one method from this
class (including constructors) that is used in a code example
in the documentation according to the above matching steps.

When displaying this metric in the summary prototype, we
create the star ratings by normalizing the ratios of meth-
ods/classes with code examples to percentages out of 100,
where each star in the star rating then represents 20% of
methods/classes having a code example in the documentation.

To verify the correctness of our method/class linking pro-
cess, we create a ground truth using the same libraries we used
in the task linking verification with the exclusion of React [51],
and jQuery [52], and the addition of Requests [53], QUnit [54],
and jBinary [55]. We replace these libraries as the React and
jQuery GitHub repositories do not store their source code in a
“src” directory, or a directory sharing the library name, which
are the heuristics we use to automatically identify the source
code directory of a given library. We manually collect the list
of library method calls used in each documentation example.
To report overall numbers for a given library, we calculate the
median recall and precision over all documentation snippets
in that library. Our precision ranges from 10%-62% , with a
median precision of 32%. The recall ranges from 21%-100%
with a median of 61%.

2) Documentation/Source code similarity: Metrics M1 and
M2 calculate how many methods/classes in the documentation
are in the library source code, indicating consistency. This
differs from the previous two metrics as we do not look
for code examples; instead, we match the signatures of the
classes/methods in the documentation text with the signatures
of the classes/methods in the source code.

We first extract any inline code mentions from the doc-
umentation by parsing the HTML for <code> and <dt>
HTML tags. The <dt> HTML tag stands for “description
term” and was the other common HTML tag aside from the
<code> tag that we found to designate inline code. Once we
extract candidate code mentions from the documentation, we
check for method calls in this code using the same one open
parentheses heuristic above. We then use regular expressions
to identify the method call and its arguments, such that we
can compare it to the created source code dictionary. At the
end, we calculate the metric as the percentage of method calls
mentioned in the documentation that are also found in the
library’s source code. We normalize the resulting percentage
to a star rating, where each star represents 20% consistency
between the documentation and source code.

We again manually create a ground truth based on the same
seven libraries used in Section V-B1. To report overall numbers
for a given library, we calculate the median recall and precision
over all snippets in that library. Across the same 7 libraries
we evaluate on, the precision of our technique ranges from
6%-8%, with a median precision of 22%. The recall ranges
from 6%-24%, with a median recall of 20%.

One issue resulting in false positives is the initial heuristic
of using parentheses to find method calls. For example, the
documentation text may use parentheses as a way to convey
information, e.g., “: - Response. nonzero (false if bad
HTTP Status)”. Our technique would incorrectly extract this
method and find one parameter and match it to the method
found in the source code with the same name and number of
parameters.

C. Readability of text and code

We now discuss how we calculate metrics M4 and M5
related to readability, shown as “Readability of text” and
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“Readability of code” in Figure 2.
1) Readability of text: Similar to existing work [12], [14],

[56], [57], we use the Flesch reading ease metric [58] to
calculate the readability of documentation text. For each
documentation page of a library, we extract all paragraphs
(designated by <p>) and combine them into a single text that
we apply the Flesch formula [58] on. For the library as a
whole, we take the average reading score of each page of
the documentation, resulting in a value from 0-100, which we
again normalize into a star rating.

2) Readability of code: We calculate code readability using
Scalabrino et al. [35]’s code readability classifier for Java code.
As part of their work, they investigated various code features
(e.g., line length, number of characters), including those by
Buse and Weimer [59] and designed a classifier with high
accuracy. This is the only metric we have that is language
specific (to Java) as we rely on their implementation. We
convert the code readability score to a star rating by also
treating the returned value as a percentage, as Scalabrino et
al. [35]’s model returns a value from 0-100, where each star
represents 20% of the code examples are readable.

D. Navigability

To objectively evaluate the navigability of software docu-
mentation, we leverage Human-Computer Interaction (HCI)
research. Since most official documentation pages are online
webpages, utilizing HCI research backed guidelines provides
us a research-supported check list of features to evaluate
library documentation navigability.

We focus on six guidelines from the Web Content Ac-
cessibility Guidelines (WCAG) 2 [60] related to best design
practices for navigating a web page: (G63) Provide a site map,
(G64) Provide a Table of Contents, (G125) Provide links to
navigate to related Web pages, (G126) Provide a list of links
to all other Web pages, (G161) Provide a search function to
help users find content, (G185) Link to all of the pages on
the site from the home page. We also add our own seventh
check for a “quick start” guide based on feedback from our
interview participants (M9). For each of these items, we use a
combination of parsing and heuristics to determine whether a
documentation page follows these guidelines. For example, to
determine if developers implemented built-in search function-
ality (G161), we search the HTML for input elements with
an attribute of the name “placeholder”, or form elements that
also contain a “search” class. Due to space constraints, we
provide the remaining heuristics on our artifact page [18]. We
give a library a five star rating when its documentation has
more than two navigable features, having exactly two features
equates to a three star rating, one feature equates to a one star
rating, and no features results in a zero star rating.

VI. SURVEY EVALUATION OF OUR DOCUMENTATION
QUALITY SUMMARY

To evaluate our documentation quality summary, we run a
survey with software developers, with the goal of answering
the following research questions:

• RQ1. How useful is our documentation summary for assess-
ing the documentation quality of a library?

• RQ2. Does our summary match users’ library experience?
• RQ3. Where do users want to see this summary information?

A. Survey Setup & Recruitment

a) Survey Setup: We create a website that displays the
documentation quality summary shown in Figure 2, while also
including a survey that developers can fill to provide feedback.
The landing page of our web application allows the user to
choose one of the existing libraries we have information about
or to analyze a new library. We populate the initial list of
available libraries with the nine libraries we previously used
in the different metric verifications. If the user chooses to
analyze a new library, then they must provide: (1) the library
name, (2) the library’s main programming language, (3) the
official documentation URL for the library, and (4) the GitHub
repository URL (optional). Note that if no GitHub repository
URL is given, the metrics requiring code analysis will not
run. After selecting either of those two options, we then ask
for the user’s optional demographic information in terms of
the years of software development experience they have and
whether they are already familiar with the library they chose.
The user then sees the documentation quality summary of the
library they chose and can interact with it by hovering over
any of the metrics or clicking on a task link, etc. If the user
decides to participate in the survey, they can access the survey
by clicking on the blue “Answer Survey Questions” button,
which will display the following survey questions in the right
margin of the page.

To answer RQ1, our survey questions ask about the useful-
ness of each individual metric and then the overall usefulness
of the summary. For each question, we use a Likert scale [61]
rating, e.g., one question we ask on the CoreNLP [50] sum-
mary page is: “How useful is having a list of documented tasks
in CoreNLP’s documentation?”, with responses being a Likert
scale from “Not useful” to “Very useful”.

If the user expressed earlier that they are familiar with the
library, we ask the following additional survey question to
answer RQ2: “To what extent do you agree or disagree with
this statement: The documentation quality metrics represented
in this summary are consistent with my experience working
with <library name> (e.g., the metrics indicate low doc-
umentation quality and your experience is that this library is
poorly documented, or vice versa).”, which also has Likert
scale [61] responses from “Strongly disagree” to “Strongly
agree”.

Finally, to answer RQ3, we ask participants where they
would like to see our documentation quality summary inte-
grated. We provide a drop down list of four options: “None”,
“README file badge”, “Package manager”, and “Other”,
where “Other” allowed the user to input their own suggestion.

b) Participant recruitment: We recruited participants for
the survey following the Snowball sampling [62] and Conve-
nience sampling [63] methods using social media apps, such
as Facebook and Twitter, and personal connections.
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Fig. 3: Distribution of years of experience of the tool accessors
and survey participants

c) Responses: Despite having 173 participants access the
service, we received 26 survey responses (i.e., the participant
answered at least one of the survey questions). Of these
26 responses, 25 rated every metric, while 1 response only
rated the general usefulness of the tool. Figure 3 shows the
distribution across years of experience for both all service
accesses and survey participants. The 26 responses were made
on 12 different libraries as follows. We received 15 responses
on Python libraries numpy (10), nltk (1), Tensorflow
(1), pyppeteer (1), scikit-learn (1), and Flask (1).
We received 8 responses on JavaScript libraries React (4),
jQuery (3), and axios (1). We also received 1 response
for TypeScript (where the user treated it as a library). Finally,
we received 2 responses on Java libraries Mockito (1) and
Soot (1). We base our survey findings on the ratings from
these 26 responses.

B. RQ1: Usefulness of our documentation quality summary

To answer RQ1, we analyze the distribution of the 25
responses on each metric, shown in Figure 4. From the
median score of each metric, we see that most participants
found most of the provided metrics to be useful. We can
see that the ‘Text Readability” metric in particular seem to
be the most useful of our metrics as it has no rating of
one, meaning that no participant found it to be “Not useful”.
When viewing the other swells of the violin plot, most metrics
have the majority of the responses around a rating of four or
five, with the exception of the “Documentation/Source Code
similarity” metric, which has an even distribution across the
different rating values. Overall, despite some differences in
opinion about the individual metrics, the overall rating for the
usefulness of our documentation quality summary (General
rating shown at the top of Figure 4) has a median of 4, with
most responses around that median.

C. RQ2: Matching Library Usage Experience

There are 21 responses indicating that the participant is
familiar with the library they are responding about, which we
use to answer RQ2. Figure 5 shows these participants’ ratings
on whether the summary matches their experience using this

Fig. 4: The distribution of ratings for each metric in our
documentation quality summary

library. We find that the responses are a bit controversial with
some participants agreeing with our documentation quality
assessment while others not. The free-form comments give
us some insights into this controversy where participants
found that some metrics reflected their experience while other
metrics did not, resulting in them providing a low rating for
this question. For example, one participant responded that
“My experience with React’s documentation has been overall
pleasant. While I agree with the navigation rating, I disagree
with the documentation quality metric for “Readability of text”
and “Readability of code examples”...” Out of the 12 evaluated
libraries, 10 participants rated 7 of the library documentation
quality summaries as matching their experience using that
documentation.

D. RQ3: Integration of documentation quality summary

Finally, to answer RQ3, we ask participants where they
would like to see library documentation quality summaries. We
find that 17 (65%) participants want to see this information
as a badge in a library’s ReadMe file, 6 (23%) participants
want to see it as part of the library’s information in the
package manager, and one (4%) participant wants to see it
in both places. Only two of the participants say they would
not like to see this information any where. Integration of
this documentation quality summary into alternative formats
allows developers to see high level information about the
documentation quality at a glance.

VII. DISCUSSION & IMPLICATIONS

Our survey results suggest that developers appreciate being
able to evaluate a library’s documentation page. Our work
provides this service, based on systematic steps of studying the
literature and implementing and verifying metrics, including
intermediate feedback from software developers.

Our documentation quality summary can be integrated with
other tools evaluating or comparing libraries. For example, our
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Fig. 5: The distribution of ratings for 21 participants familiar
with the library they were viewing, of whether the documen-
tation quality summary matches their expectations

work could be integrated with the previous work done by De la
Mora and Nadi [2]. Their goal was to help developers compare
libraries across different characteristics to help with selecting
the most suited one for their needs. Adding documentation
quality to their library comparison website will help developers
understand if there will be enough information for them to use
to learn the library. In fact, in their survey of 61 developers,
De la Mora and Nadi [2] found documentation quality to be
the most demanded metric from their participants.

Based on RQ3, our documentation summary could also be
integrated into other formats that provide quick evaluation of
a library, such as README badges or even as part of package
managers (e.g., npms.io).

VIII. THREATS TO VALIDITY

a) Construct Validity: Each documentation aspect can be
measured in multiple ways. We used the GQM [17] method
to derive metrics that can be objectively automated, but we
do not claim that these are the only metrics that can be used
to measure a given aspect. Thus, our evaluation evaluates the
usefulness of the metrics we derived, rather than the usefulness
of a particular aspect, which has already been determined in
the literature (Section II). We rely on manual validation to
create the ground truth for the different metrics. To overcome
any subjectivity or error, we define the goal of each manual
analysis and have two authors construct the ground truth.

b) Internal Validity: We find that for the libraries par-
ticipants evaluated, our implementation often displays the
“Documentation/Source code similarity” metric as zero out
of five stars. This is because we do not display partial stars,
meaning that a metric needs to meet the “20%” threshold for
at least one star to appear. We believe that the empty stars led
to the controversy/poor rating of this metric in RQ1.

Another threat is the low precision/recall of some of our
metrics. This could be mitigated in the future by, for example,
using language-specific parsers instead of regular expressions
for the metrics related to retrieving and comparing method

signatures. However, the purpose of our survey is not only
to gauge the accuracy of the metrics in our summary tool,
but also the developer response of the usefulness and desire
of having such a tool to rate documentation quality. We thus
chose to conduct the survey to get this important feedback;
we plan to continue to improve our metrics.

c) External Validity: To improve task extraction, we
create a verb list per domain. Although this list is not based
on an exhaustive analysis of all libraries in a given domain,
it is based on 148 different documentation pages from eight
libraries and has increased the precision of the task extraction
by 27% on average. We share our verb list on our artifact [18]
page for further validation or extension. Automatically creat-
ing comprehensive verb lists for each domain is a challenging
task, opening up opportunities for additional research.

Our results are based on responses from only 26 developers,
despite having 173 people access our survey link and receiving
positive endorsements on social media. We believe that the
small number of recorded responses is due to a technical bug
we had, which resulted in survey responses not being stored.
Unfortunately, this bug did not manifest itself in our pilot study
with 5 participants. That said, the high number of developers
who accessed our service does suggest that developers are
generally interested in tooling that allows them to assess the
documentation quality of a library. Overall, the 26 responses
we use cover a wide range of experienced developers over
12 different libraries in each of the 3 supported languages.
Figure 3 compares the distribution of years of experience
for survey accessors and respondents; a Kolmogorov–Smirnov
test [64] shows no statistically significant differences.

IX. CONCLUSION

This paper presented metrics and an early prototype imple-
mentation to measure documentation quality. We create this
tooling as a service that provides a visual summary consisting
of values for 9 metrics that reflect the quality of a given
documentation page and its subpages. We identified these
9 metrics through systematically studying the literature to
identify documentation aspects and then used the GQM [17]
paradigm to derive metrics. We conducted an initial validation
of these metrics and their visualization through an interview
study with three developers. We then implemented and verified
all our metrics before conducting a survey with 26 participants
to evaluate the usefulness of our metric and documentation
quality summary. Our results show that participants find our
metrics useful and 65% would like to see this summary
incorporated as a badge in a library’s ReadMe page. As future
work, we hope to create a badge for our summary as well
as to integrate it into existing library comparison tooling [2].
All of our data and code are available online on our artifact
page [18].
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[9] J. Zhi, V. Garousi-Yusifoğlu, B. Sun, G. Garousi, S. Shahnewaz,
and G. Ruhe, “Cost, benefits and quality of software development
documentation: A systematic mapping,” Journal of Systems and
Software, vol. 99, pp. 175–198, 2015. [Online]. Available: https:
//www.sciencedirect.com/science/article/pii/S0164121214002131

[10] S. C. B. de Souza, N. Anquetil, and K. M. de Oliveira, “A study of the
documentation essential to software maintenance,” in Proceedings of the
23rd Annual International Conference on Design of Communication:
Documenting & Designing for Pervasive Information, ser. SIGDOC ’05.
New York, NY, USA: Association for Computing Machinery, 2005, p.
68–75. [Online]. Available: https://doi.org/10.1145/1085313.1085331

[11] E. Larios Vargas, M. Aniche, C. Treude, M. Bruntink, and G. Gousios,
“Selecting third-party libraries: The practitioners’ perspective,” in
Proceedings of the 28th ACM Joint Meeting on European Software
Engineering Conference and Symposium on the Foundations of Software
Engineering, ser. ESEC/FSE 2020. New York, NY, USA: Association
for Computing Machinery, 2020, p. 245–256. [Online]. Available:
https://doi.org/10.1145/3368089.3409711

[12] A. Forward, Software documentation: Building and maintaining arte-
facts of communication. University of Ottawa (Canada), 2002.

[13] A. Wingkvist, M. Ericsson, R. Lincke, and W. Löwe, “A metrics-based
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