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Abstract 
In this paper, we explore the concept of code Legibility and 
investigate its relation to software quality. With data collected from 
120 human annotators, we derive associations between a simple 
set of local code features and human notions of readability. Using 
those features, we construct an automated Legibility measure and 
show that it can be 80 percent effective and better than a human, on 
average, at predicting Legibility judgments. Furthermore, we show 
that this metric correlates strongly with three measures of software 
quality: code changes, automated defect reports, and defect log 
messages. We measure these correlations on over 2.2 million lines 
of code, as well as longitudinally, over many releases of selected 
projects. Finally, we discuss the implications of this study on 
programming language design and engineering practice.
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I. Introduction
We define Legibility as a human judgment of how easy a text 
is to understand. The legibility of a program is related to its 
maintainability, and is thus a key factor in overall software quality. 
Typically, maintenance will consume over 70 percent of the total 
life-cycle cost of a software product. Legibility is so significant, 
in fact, that Elshoff and Marcotty, after recognizing that many 
commercial programs were much more difficult to read than 
necessary, proposed adding a development phase in which the 
program is made more readable. Knight and Myers suggested 
that one phase of software inspection should be a check of the 
source code for readability to ensure maintainability, portability, 
and reusability of the code. Haneef proposed adding a dedicated 
readability and documentation group to the development team, 
observing that, “without established and consistent guidelines for 
Legibility, individual reviewers may not be able to help much”. 
We hypothesize that programmers have some intuitive notion 
of this concept, and that program features, such as indentation 
(e.g., as in Python ), choice of identifier names , and comments, 
are likely to play a part. Dijkstra, for example, claimed that the 
Legibility of a program depends largely upon the simplicity of its 
sequencing control (e.g., he conjectured that go to unnecessarily 
complicates program understanding), and employed that notion 
to help motivate his top-down approach to system design. This 
model of software Legibility correlates strongly with human 
annotators and also with external (widely available) notions of 
software quality, such as defect detectors and software changes. 
To understand why an empirical and objective model of software 
readability is useful, consider the use of Legibility metrics in natural 
languages. The Flesch-Kincaid Grade Level, the Gunning-Fog 
Index, the SMOG Index , and the Automated Legibility Index  are 
just a few examples of Legibility metrics for ordinary text. These 
metrics are all based on simple factors, such as average syllables 
per word and average sentence length. Despite this simplicity, 
they have each been shown to be quite useful in practice. Flesch-
Kincaid, which has been in use for over 50 years, has not only been 
integrated into popular text editors including Microsoft Word, but 
has also become a United States governmental standard. Agencies, 
including the Department of Defense, require many documents and 

forms, internal and external, to meet have a Flesh legibility grade 
of 10 or below (DOD MIL-M-38784B). Defense contractors also 
are often required to use it when they write technical manuals. 
These metrics can help organizations gain some confidence that 
their documents meet goals for readability very cheaply, and have 
become ubiquitous for that reason. Implying that readability can be 
addressed  more easily than intrinsic complexity. While software 
complexity metrics typically take into account the size of classes 
and methods and the extent of their interactions, the legibility of 
code is based primarily on local, line-by-line factors. Our notion 
of readability arises directly from the judgments of actual human 
annotators who do not have context for the code they are judging. 
Complexity factors, on the other hand, may have little relation 
to what makes code understandable to humans. Previous work  
has shown that attempting to correlate artificial code complexity 
metrics directly to defects is difficult, but not impossible. Although 
both involve local factors such as indentation, legibility is also 
distinct from coding standards conventions primarily intended to 
facilitate collaboration by maintaining uniformity between code 
written by different developers. In this study, we have chosen 
to target legibility directly both because it is a concept that is 
independently valuable and also because developers have great 
control over it. 
This paper also includes: A broader base of benchmark programs 
for empirical experiments linking our legibility metric with notions 
of software quality. In particular, we evaluate on over two million 
lines of code compared to over one million in previous work. 
A reporting of the primary results of our analysis in terms of 
five  correlation statistics as compared to one in the previous 
presentation. An additional experiment correlating our Legibility 
metric with a more natural notion of software quality and defect 
density: explicit human mentions of bug repair. Using software 
version control repository information, we coarsely separate 
changes made to address bugs from other changes. We find that 
low readability correlates more strongly with this direct notion 
of defect density than it does with the previous approach of using 
potential bugs reported by static analysis tools.  An additional 
experiment which compares legibility to  cyclomatic complexity. 
This experiment serves to validate our claim that our notion of 
readability is largely independent from traditional measures of 
code complexity. An additional longitudinal experiment showing 
how changes can correlate with changes in defect density as a 
program evolves.
Finally, it can be used by other static analyses to rank warnings 
or otherwise focus developer attention on sections of the code 
that are less Legible and thus more  likely to contain bugs. The 
Legibility metric presented in this paper has already been used 
successfully to aid a static specification mining tool in that setting, 
knowing whether a code path was readable or not had over twice 
the predictive power (as measured by ANOVA F-score) as knowing 
whether a code path was feasible or not.

II. Study Methodology
A consensus exists that legibility is an essential determining 
characteristic of code quality  but not about which factors contribute 
to human notions of Software legibility most. A previous study 
by Tenny looked at legibility by testing comprehension of several 
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versions of a program. However, such an experiment is not 
sufficiently fine grained to extract precise features. In that study, 
the code samples were large, and thus, the perceived legibility arose 
from a complex interaction of many features, potentially including 
the purpose of the code. In contrast, we choose to measure the 
software legibility of small selections of code. Using many short 
code selections increase our ability to tease apart which features 
are most predictive of legibility. We now describe an experiment 
designed to extract a large number of legibility judgments over 
short code samples from a group of human annotators. Formally, 
we can characterize software legibility as a mapping from a code 
sample to a finite score domain. In this experiment, we presented 
human annotators with a sequence of short code selections, called 
snippets, through a Web interface. The annotators were asked to 
individually score each snippet based on their personal estimation 
of legibility. We now discuss three important parameters: snippet 
selection policy snippet scoring.

A. Snippet Selection Policy
We claim that the legibility of code is very different from that 
of natural languages. Code is highly structured and consists 
of elements serving different purposes, including design, 
documentation, and logic. These issues make the task of snippet 
selection an important concern. We have designed an automated 
policy-based tool that extracts snippets from Java programs.
First, snippets should be relatively short to aid feature 
discrimination. However, if snippets are too short, then they may 
obscure important legibility considerations. Second, snippets 
should be logically coherent to allow annotators the context to 
appreciate their legibility. We claim that they should not span 
multiple method bodies and that they should include adjacent 
comments that document the code in the snippet. Finally, we 
want to avoid generating snippets that are “trivial.” For example, 
we are uninterested in evaluating the Legibility of a snippet 
consisting entirely of boilerplate import statements or entirely 
of comments.
Consequently, an important trade-off exists such that snippets 
must be as short as possible to adequately support analysis by 
humans, yet must be long enough to allow humans to make 
significant judgments on them. Note that it is not our intention to 
“simulate” the reading process, where context may be important 
to understanding. Quite the contrary: We intend to eliminate 
context and complexity to a large extent and instead focus on the 
“low-level” details of legibility. We do not imply that context is 
unimportant; we mean only to show that there exists a set of local 
features that, by themselves, have a strong impact on legibility 
and, by extension, software quality. With these considerations in 
mind, we restrict snippets for Java programs as follows: A snippet 
consists of precisely three consecutive simple statements , the 
most basic unit of a Java program. Simple statements include 
field declarations, assignments, function calls, breaks, continues, 
throws, and returns. We find by experience that snippets with 
fewer such instructions are sometimes too short for a meaningful 
evaluation of legibility, but that three statements are generally 
both adequate to cover a large set of local features and sufficient 
for a fine-grained feature-based analysis. A snippet does include 
preceding or in-between lines that are not simple statements, 
such as comments, function headers, blank lines, or headers of 
compound statements like if-else, try-catch, while, switch, and for. 
Furthermore, we do not allow snippets to cross scope boundaries. 
That is, a snippet neither spans multiple methods nor starts inside 
a compound statement and then extends outside it (however, we 

do permit snippets to start outside of a compound statement but 
end before the statement is complete). We find that with this set 
of policies over 90 percent of statements in all of the programs 
we considered (see Section V) are candidates for incorporation 
in some snippet. The few non candidate lines are usually found 
in functions that have fewer than three statements. This snippet 
definition is specific to Java, but extends to similar languages like 
C and C++. We find the size distribution (in number of characters) 
for the 100 snippets generated for this study to be approximately 
normal, but with a positive skew (mean of 278.94, median of 
260, minimum of 92, and maximum of 577). The snippets were 
generated from five open source projects.  They were chosen 
to include varying levels of maturity and multiple application 
domains to keep the model generic and widely applicable. We 
discuss the possibility of domain-specific models.

B. Legibility Scoring Prior to Their Participation
Legibility Scoring Prior to their participation is our volunteer 
human annotators were told that they would be asked to rate Java 
code on its readability and that their participation would assist in a 
study of that aspect of software quality. Responses were collected 
using a Web-based annotation tool that users were permitted to 
access at their leisure.
Participants were presented with a sequence of snippets and 
buttons labeled 1-5. Each participant was shown the same set 
of 100 snippets in the same order. Participants were graphically 
reminded that they should select a number near five for “more 
readable” snippets and a number near one for “less readable” 
snippets, with a score of three indicating neutrality. Additionally, 
there was an option to skip the current snippet; however, it was 
used very infrequently (15 times in 12,000). Snippets were not 
modified from the source, but they were syntax highlighted 
to better simulate the way code is typically viewed.1 Finally, 
clicking on a “help” link reminded users that they should score 
the snippets “based on [their] estimation of  “Legibility” judgment 
about how easy a block of code is to understand.” Readability 
was intentionally left formally undefined in order to capture the 
unguided and intuitive notions of participants.

C. Study Participation
The study was advertised at several computer science courses 
at The University of Virginia. As such, participants had varying 
experience reading and writing code: 17 were taking first-year 
courses, 63 were taking second-year courses, 30 were taking 
third or fourth-year courses, and 10 were graduate students. In 
total, 120 students participated. The study ran from 23 October 
to 2 November 2008. Participants were told that all respondents 
would receive $5 USD, but that the 50 people who started (not 
finished) the survey the earliest would receive $10 USD. The 
use of start time instead of finish time encouraged participation 
without placing any time pressure on the activity itself (e.g., 
there was no incentive to make rushed readability judgments); 
this setup was made clear to participants. All collected data were 
kept carefully anonymous, and participants were aware of this 
fact: completing the survey yielded a randomly generated code 
that could be monetarily redeemed.  

III. Study Results
Our 120 annotators each scored 100 snippets for a total of 
12,000 distinct judgments.  provides a graphical representation 
of this publicly available data. First, we consider inter-annotator 
agreement and evaluate whether we can extract a single coherent 
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model from this data set. For the purpose of measuring agreement, 
we consider several correlation statistics. One possibility is Cohen’s 
_, which is often used as a measure of inter-rater agreement for 
categorical items. However, the fact that our judgment data are 
ordinal (i.e., there is a qualitative relationship and total order 
between categories) is an important statistical consideration. Since 
the annotators did not receive precise   guidance on how to score 
snippets, absolute score differences are not as important as relative 
ones. Thus, in this study, we tested a linear-weighted version of 
_ (which conceptually gives some credit for rankings that are 
“close”). In addition, we considered Kendall’s  (i.e., the number 
of bubble-sort operations to order one list in the same way as a 
second), Pearson’s r (measures the degree of linear dependence), 
and Spearman’s _ (the degree of dependence with any arbitrary 
monotonic function, closely related to Pearson’s r) . For these 
statistics, a correlation of 1 indicates perfect correlation and 0 
indicates no correlation (i.e., uniformly random scoring with 
only random instances of agreement). In the case of Pearson, 
a correlation of 0.5 would arise, for example, if two annotators 
scored half of the   snippets exactly the same way, and then scored 
the other half randomly.

IV. Legibility Scoring
While software complexity metrics typically take into account the 
size of classes and methods and the extent of their interactions, the 
readability of code is based primarily on local, line-by-line factors. 
Our notion of readability arises directly from the judgments of 
actual human annotators who do not have context for the code 
they are judging. Complexity factors, on the other hand, may 
have little relation to what makes code understandable to humans. 
Previous work has shown that attempting to correlate artificial 
code complexity metrics directly to defects is difficult, but not 
impossible. Although both involve local factors such as indentation, 
readability is also distinct from coding standards, conventions 
primarily intended to facilitate collaboration by maintaining 
uniformity between code written by different developers.

V. Study Participation
We claim that the readability of code is very different from that 
of natural languages. Code is highly structured and consists 
of elements serving different purposes, including design, 
documentation, and logic. These issues make the task of snippet 
selection an important concern. We have designed an automated 
policy-based tool that extracts snippets from Java programs.

VI. Model Performance
First, we consider inter-annotator agreement and evaluate whether 
we can extract a single coherent model from this data set. For the 
purpose of measuring agreement, we consider several correlation 
statistics. One possibility is Cohen’s, which is often used as a 
measure of inter-rater agreement for categorical items. However, 
the fact that our judgment data are ordinal (i.e., there is a qualitative 
relationship and total order between categories) is an important 
statistical consideration.

VII. Conclusion
In this paper, we have presented a technique for modeling code 
readability based on the judgments of human annotators. In a study 
involving 120 computer science students, we have shown that it 
is possible to create a metric that agrees with these annotators as 
much as they agree with each other by only considering a relatively 
simple set of low-level code features. In addition, we have seen 

that readability, as described by this metric, exhibits a significant 
level of correlation with more conventional metrics of software 
quality, such as defects, code churn, and self reported stability. 
Furthermore, we have discussed how considering the factors that 
influence readability has potential for improving the programming 
language design and engineering practice with respect to this 
important dimension of software quality. Finally, it is important 
to note that the metric described in this paper is not intended as 
the final or universal model of readability.

 VIII. Future Work
The techniques presented in this paper should provide an excellent 
platform for conducting future readability experiments, especially 
with respect to unifying even a very large number of judgments 
into an accurate model of readability. While we have shown that 
there is significant agreement between our annotators on the 
factors that contribute to code readability, we would expect each 
annotator to have personal preferences that lead to a somewhat 
different weighting of the relevant factors. It would be interesting 
to investigate whether a personalized or organization-level 
model, adapted over time, would be effective in characterizing 
code readability. Furthermore, readability factors may also vary 
significantly based on application domain. Additional research 
is needed to determine the extent of this variability, and whether 
specialized models would be useful. Another possibility for 
improvement would be an extension of our notion of local code 
readability to include broader features. While most of our features 
are calculated as average or maximum value per line, it may be 
useful to consider the size of compound statements, such as the 
number of simple statements within an if block. For this study, 
we intentionally avoided such features to help ensure that we 
were capturing readability rather than complexity. However, in 
practice, achieving this separation of concerns is likely to be less 
compelling. Readability measurement tools present their own 
challenges in terms of programmer access. We suggest that such 
tools could be integrated into an IDE, such as Eclipse, in the same 
way that natural language readability metrics are incorporated into 
word processors. Software that seems readable to the author may 
be quite difficult for others to understand. Such a system could 
alert programmers as such instances arise, in a way similar to the 
identification of syntax errors. Finally, in line with conventional 
readability metrics, it would be worthwhile to express our metric 
using a simple formula over a small number of features (the PCA, 
from Section 4.2, suggests this may be possible). Using only the 
truly essential and predictive features would allow the metric to 
be adapted easily into many development processes. Furthermore, 
with a smaller number of coefficients the readability metric could 
be parameterized or modified in order to better describe readability 
in certain environments, or to meet more specific concerns.
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