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ABSTRACT

Despite numerous code comprehension studies, there is no consen-
sus on what code features affect comprehensibility for software
engineers. Results in these studies often contradict each other, even
using similar methodologies or datasets. These contradictions make
it difficult for both researchers and practitioners to derive replicable
findings into code comprehension. Most prior studies employ con-
trolled experiments with synthetic code, student subjects, single
languages, short methods, and small sample sizes; these design
decisions threaten their authenticity and generalizability. In this
work, we approach code comprehension with a different set of re-
strictions: we examine 604k methods, across all method lengths,
from real open open-source code systems across five programming
languages, but do not control nor observe the environment in which
the developers actually comprehended the code. We argue that we can
still derive insight into comprehensibility since developers wrote,
evolved, and reviewed the source code we examine, and that this
means someone found the code comprehensible. Our methodology
provides insight into reasons for prior inconsistencies and demon-
strates the influence of experimental design decisions on results
while providing actionable insights for software engineers who
are trying to write comprehensible code. We find that Length—the
number of lines of code in a method—heavily correlates with prior
comprehension metrics and may be a confounder of prior results.
We also find that comment presence serves as a useful comprehen-
sion metric: across all languages and projects, comments co-locate
with large, complex, and hard-to-read code.
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1 INTRODUCTION

Code is difficult to understand. It seems like it is even more dif-
ficult to understand why code is difficult to understand. Many
studies have shared a similar approach to code comprehension:
they present subjects with code snippets with slight variations in
composition (e.g., naming conventions, decomposition, comment
usage, etc.) and measure the subject’s comprehension using various
methods, such as asking the subject to make changes or fixes to
the code [21, 23, 38], timing how long it took them to comprehend
it [12, 23, 38, 42, 52, 53], or even measuring their physical stim-
uli [21, 24, 37, 42]. Despite numerous studies in this space, there are
conflicting results on what structural aspects of code actually affect
its comprehensibility. Aspects such as naming conventions, method
length, and source code comments have been found to be of con-
flicting or inconclusive value: some studies claim they are helpful
for comprehension [44, 59], others find they are harmful [33, 42],
and others yet find that they have little effect at all [10, 53]. These
conflicting results highlight the difficulty in effectively measuring
code comprehension. In order for researchers to design studies that
appropriately measure code comprehension going forward, it is
essential to understand: why are results from code comprehension
studies so conflicting?

A close examination of prior studies suggests that authenticity
and scale are two primary factors that threaten their ecological
validity and may help explain their inconsistent results. Study de-
signers have made design choices that may have compromised the
authenticity of their experiments compared to the kind of code com-
prehension that developers undergo in practice. For example, most
studies primarily used students as subjects [10, 12, 13, 21, 23, 46, 51—
53, 57, 59], studied only Java code [10, 12, 33, 38, 42, 51-53], syn-
thetic code [12, 38, 46, 51, 57, 59], and/or only small snippets of
code [10, 12, 19, 33, 38, 42, 44, 46]. Studies that found line width
as a key metric for comprehensibility had subjects evaluate meth-
ods no longer than 12 lines of code [10, 46]. Subsequent studies
found that these results do not generalize to longer snippets of
code [15, 44] and conflict with other findings despite similar method-
ologies [19, 53, 61] or even the same exact dataset [36, 44]. When
code comprehension takes place in practice, software developers
are both familiar with and invested in the code they are attempting
to comprehend. Subjects in each of these studies presented neither,
furthering the authenticity gap between research and practice.

To understand how ecological design choices may cause dis-
parate study results, we conduct an empirical study that inverts the
tradeoffs of prior studies: we examine a large breadth and quantity
of code that developers have comprehended within their normal
workflows, but do not run a controlled user study. Our empirical
methodology analyzes code comprehension metrics in over 604k
methods across 49 large, professionally-managed software projects
in 5 programming languages, but notably does not involve subjects
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making perceived comprehensibility judgments in a controlled envi-
ronment. We argue that code review processes in large, profession-
ally managed projects assures that the code has been comprehended
by someone.! Even if we can no longer directly query comprehensi-
bility as a controlled study can, the quantity, length, and breadth of
code in our study leads to findings that more directly generalize to
the kinds of software being written in practice. Importantly, these
findings provide novel reasoning into prior inconsistent results and
highlight how study design directly influences findings. We find
the following primary results:

(1) Previously-studied comprehension metrics exhibit large vari-
ance in real code, even within methods that have similar
Length
(lines of code). This leads to high standard error, especially
in small samples, which may explain prior inconsistencies.

(2) These metrics also provide discriminatory power in a Length-
unconstrained environment. However, they are highly cor-
related with Length, which is usually controlled for in con-
trolled studies. Length-aware studies are necessary to better
understand code comprehension.

(3) Methods with comments are typically longer, more com-
plex, and less comprehensible than methods without com-
ments. This may indicate that comment-presence is a useful
comprehension metric since comments may be used to ex-
plain harder-to-comprehend code. This reflects a common
software engineering belief that has yet to be consistently
verified by replicable, evidence-based research.

2 MOTIVATION & RELATED WORK

The fundamental difficulty in code comprehension research is that
comprehension, as a concept, is a latent variable—we cannot di-
rectly measure it. As a result, studies usually attempt to approximate
comprehension using metrics as a proxy for how well a subject
comprehended code and/or about the features that impacted com-
prehension of the code itself. Finding a consistent global measure
of comprehensibility has proven elusive due to variation across sub-
jects and their experience levels, systems and their programming
languages, and the diversity of tasks developers need accurate com-
prehension to perform effectively. For example, prior studies often
measure both Readability (R), or how easy it is to read code, and
Comprehensibility (C), or how easy it is to read and understand code.
Intuitively, one would expect these to align: generally, if code is
more readable, then it should also be more comprehensible (and vice
versa). However, examining the Findings columns in Table 1 this is
not often the case (R and C differ in most studies that measure both
metrics). Scalabrino et al., studied some of these inconsistencies in
two separate studies with similar methodologies and conclusions
found that none of their 121 static code metrics strongly correlated
with comprehension [52, 53]. They note that the experience level
of the subject was a better predictor than any features of the code
itself. These inconsistencies hint that our existing metrics and/or
study methods need to be improved to effectively measure code
comprehension.

1We validate this approach in Section 5.
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2.1 Inconsistencies in Metrics

We categorize metrics used to measure comprehensibility into three
general dimensions and discuss their results from prior studies:

(1) Volume: Metrics that measure the quantity of code.

(2) Complexity: Metrics that measure how dense or compli-
cated code is.

(3) Expressivity: Metrics that measure the quality of the code
and how it was written.

Metric definitions have slight variations from study-to-study, so for
this section we refer to them conceptually as opposed to formally
(our formal metric definitions are in Section 4.4).

2.1.1 Inconsistencies with Volume metrics. Intuitively, code with
larger volume should be harder to comprehend. While prior studies
generally agree with this intuition, they largely disagree on which
volume metrics actually drive this impact. These results are dis-
played in the Findings— Volume column in Table 1. Buse et al.
found that average line width and average number of identifiers
per line of code were the most detrimental to readability [10]. How-
ever, Posnett, et al. re-examined the same dataset with different
statistical techniques and found that a better model for predicting
the subjective readability scores can use just Entropy, Length (lines
of code), and Halstead volume—and that Buse’ model does not gen-
eralize well past code snippets longer than 7 LOC [44]. Mi, et al.
also re-examined the same dataset using causal methods and found
that the average number of assignments and identifiers are the
only metrics that have a strong negative impact on readability [36].
Dorn et al. found that average line width is the only feature that
predicts readability across languages, and that less readable code
is 2.2x more likely to contain defects [19]. Several studies have
investigated Length’s effect on code comprehension with mixed
results: some found larger Length negatively impacted comprehen-
sion [12, 42], others found no effect [23, 46], and others yet found
it improved comprehension [44].

2.1.2 Inconsistencies in Complexity metrics. Intuitively, code that
is more complex should be harder to comprehend. However, as
shown in the Findings—Complex. column in Table 1, studies
run by Borstler et al, Feigenspan et al, and Peitek et al have shown
that McCabe (cyclomatic complexity) correlates with cognitive load
but not actual code comprehension [12, 23, 42, 49] Others find it
impacts neither readability nor comprehension [52, 53].

2.1.3 Inconsistencies in Expressivity metrics. Intuitively, given code
with similar volume and complexity, more expressive code should
be easier to comprehend. Most prior studies use Entropy, identifier
naming, or comments. Entropy measures the disorder of tokens and
is generally found to negatively impact readability [33, 44]. Variants
in identifier names have sometimes been found to impact readabil-
ity [4, 5, 11, 32], though several studies also find no impact [3,
38, 57]. While it would intuitively follow from popular software-
engineering doctrine that source code comments would only help
comprehension as found in several studies [10, 36, 46, 51, 57, 59],
many other studies find they have either no effect [12, 19, 38, 44, 61]
or even a negative effect on comprehension [33]. Studies and even
their replications find conflicting results on the impact of comments
on comprehension. Borstler et al. found that comments positively
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Table 1: Summary of code comprehension study designs and findings. In terms of study design, most prior work examines one language, leverages students’
subjective opinions, and only investigates small fragments of often synthetic code. In terms of findings, the results are broadly inconsistent. Readability (R) and

Comprehensibility (C) do not consistently align. Volume, Complexity, and Expressivity measuring metrics do not find similar results between studies.
Legend: Lines of Code (LOC); T represents synthetic code, * toy code; Negative Impact ({}); No Impact (~); Positive Impact (1); Blank indicates not evaluated.

‘ Study Scope ‘ Findings
Study ‘ Language(s) Subjects Evals. Per LOC Per Eval. Demographic ‘ Volume Complex. Express.
Scalabrino [52, 53] | Java 109 8 30-70 Students & Devs | R~/C~ R~/C~ R~/C~
Bérstler [12] Java 104 5 22-547  Students R~/C]  R~/C~ R~/C~
Sampaio [51] Java 106 6 22-547  Students R~/C
Nielebock [38] Java 277 6 7-277  Students & Devs Rf}/C~
Peitek [42] Java 19 3 <30 Students Ccl C~
Feigenspan [23] Java, Aspect] 21 1 Project Students C~ C~
Ribeiro [46] Python 66 16 2-12*T  Students R~/C~ R{/CH
Buse [10] Java 120 10 4-11 Students Ry RN
Posnett [44] Java 120 10 4-11 Students RU/RM R~
Mi [36] Java 5,638 6-10 2-70  Students & Devs Ry RN
Dorn [19] Java, Python, CUDA 5,468 6 10-50  Students & Devs Ry R~
Trockman [61] Java 46 8 30-70"  Students & Devs Ry R~
Beniamini [3] C 56 1 10*"  Students R~/C~
Tenny [59] PL/I 148 1 73*T  Students ct
Takang [57] Modula-2 89 1 252*T  Students R~/CH}
Lee [33] Java N/A 120k files 46 Devs Ry
This Study E{’; RIz’tP;ict;‘f)’; N/A 604k 3-200+ Devs cl cl cn

affected readability but not comprehension [12]. Sampaio et al.
replicated this study to find that comments positively affected com-
prehension but not readability [51]. Nielebock, et al. also partially
replicated the original study and found that participants perceived
comments to be helpful even if they did not make any difference
on their actual readability ratings nor comprehension [38].

2.1.4  Metrics are also inconsistent in practice. Some studies have
applied metric-based readability models in practice. Fakhoury et
al. scraped commits where developers explicitly stated that they
were improving readability, but found that the four prior readability
models [10, 19, 44, 53] did not capture this sentiment in the changes
that were actually included in the commit [22]. Pantiuchina et
al. found a similar conclusion, noting that code quality metrics
were unable to capture the quality improvements expressed by the
developers [40].

2.1.5 Summary. Many studies have investigated Volume, Com-
plexity, and Expressivity-measuring code metrics’ impact on code
comprehension. Although one might expect studies with similar
methodologies or using the same dataset to produce similar results,
these studies do not. Some studies find that some of the metrics are
useful while others do not. Existing metrics do not appear to apply
to real developers working on real code.

2.2 Implications of Study Design

The precise design decisions and controls in controlled experiments
often dictate their results [29]. With any study that employs statis-
tics to draw conlusions from observational data, it is important to
state the premise of the study and justify design decisions and con-
trols. For example, study designers may ask themselves questions

like: ‘Who is in the study?’ ‘What kind of code is in the study?’ ‘Are
our measurements accurate proxies for what we want to measure?’
Ts our study large enough to draw meaningful and general insights?’
When examining prior literature, we found that few studies dis-
cussed or justified the implications of these premises. In this section,
we discuss why these design decisions may explain some of their
inconsistent findings.

2.2.1 Threats to Construct Validity. Code comprehension studies
are fundamentally impacted by the difficulty of measurement: what
metric should a study use that actually measures comprehension?
In a survey of recent code comprehension studies, Oliveira, et al.
found that 37% of studies only asked participants to use a single
cognitive skill and 17% measured only personal opinion (perceived
readability) [39]. Using perceived readability (e.g., by asking a par-
ticipant for their subjective opinion on a code snippet’s readability),
as done in many studies [10, 12, 19, 38, 46, 52, 53], does not directly
measure and has been shown to be inconsistent with a participant’s
actual comprehension of the code [12, 38, 57].

Using the time taken until a participant states they have compre-
hended the code is used in many studies [12, 23, 38, 42, 52, 53], but
some of these studies find that time depends more on the participant
than the code: professional developers took longer to comprehend
the code than students, but also performed better [52, 53]. Other
studies also find that time does not correlate with correctness nor
performance [23, 38, 42].

Using tests, such as multiple choice tests [42, 52, 53, 57, 59] or
Cloze tests [12, 51]—where subjects study a piece of code, some
lines of code are removed, and then they are asked to fill in the
missing lines—does not reflect how developers comprehend code
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in practice. Developers do not comprehend code to pass an assess-
ment; they comprehend code to complete specific tasks like a code
review, a bug fix, or to implement a new feature. While some stud-
ies do have subjects complete realistic tasks like bug fixes or new
features [3, 21, 23, 38], it is difficult to precisely identify which part
of the task is related to comprehension.

Summary: Measuring comprehension is difficult even in a con-
trolled setting. Existing comprehension measurement tasks are dif-
ferent than comprehension in practice and thus form an imperfect
measure of true comprehension.

2.2.2 Threats to Internal Validity. It is difficult to design a study
that isolates the measurement of a human’s comprehension of the
code and controls feature(s) of the code to analyze. For example, try-
ing to isolate the use of code comments in comprehension studies
on decomposition has proven to be surprisingly difficult. Niele-
bock et al. provide two versions of code in their study: one with
comments and intentionally obfuscated identifier names, and one
with high quality identifier names only [38]. The obfuscation was
done to avoid an imbalance of information in the versions, but may
compromise its validity since neither version reflects how develop-
ers write code in practice. Similarly, Tempero, et al. provide their
subjects two versions of the same code: one that is decomposed
into well-named helper methods, and one that contains comments
describing the blocks of code that had been extracted into helper
methods in the first version [58]. This was also done to avoid an im-
balance of information, but may also help explain why they found
negative results on the impact of decomposition (the comments and
the method names served the same semantic purpose to explain
the code).

Additionally, code is complex and feature rich. Code features
may confound each other and make it difficult to isolate which
features are truly influencing comprehension and may vary heav-
ily depending on the sample of code used. For example, Buse, et
al. extract 27 features from the code snippets under study even
though each snippet was between 4 and 11 LOC [10]. This may
help explain why their initial results differ from those in subsequent
studies depending on the statistical technique used to analyze the
dataset [36, 44]. This phenomenon reappears in the Scalabrino, et
al. studies—which extract 121 unique features [52, 53]. Trockman,
et al. re-examine these same features using multiple component
analysis and find different results [61].

Finally, studies suffer from demographic variability. Most studies
exclusively [3, 4, 10, 12, 13, 21, 23, 57, 59], primarily [46, 51-53], or
partially [19, 38] use students as subjects. However, several com-
prehension studies have concluded that students and developers
comprehend code differently [3, 4, 38, 50, 61] or that a subject’s
experience level was more impactful on comprehension results than
any code feature [52, 53].

Summary: It is difficult to construct a controlled experiment that
isolates the impact of specific code features on comprehension. Us-
ing students as subjects threatens the applicability of prior results.

2.2.3 Threats to External Validity. Studies may lack generality due
to study design (Study Scope columns in Table 1).

Language Uniformity: Most recent studies use only Java code [10,
12, 33, 38, 42, 51-53]. It is not clear whether or how any of the find-
ings apply to other programming languages.
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Small Scale: Studies show each participant a limited number of
code samples (no more than 16) due to time constraints. This limits
what studies can glean about each participant’s view of comprehen-
sion since they will not interact with many code variations. Studies
also control for Length, the LOC of the code examined by partici-
pants. Some studies offer larger code (50+ LOC) but others examine
small code only (< 12 LOC). Controlling for Length means that it
cannot be properly studied as a factor for code comprehension.
Synthetic Code: Some studies use manually constructed or al-
tered code instead of real, developer-written code [42, 46, 57, 59].
Crucially, even with open source code, subjects lack the context a
developer on the project would have while comprehending the code.
Most studies have subjects evaluate a method’s comprehensibility
without putting it in the context of its project or a real task. These
deviate from how software engineers comprehend code in practice.

When examining scale, it is important to justify how the sample
size impacts results. It is entirely possible that small sample sizes
preclude studies from being able to find meaningful correlations
at all. For example, study designers may consider conducting a
power analysis to ensure that their sample size is large enough to
result in a powerful enough correlation between code metrics and
comprehension measures that has sufficient effect size (e.g. to say
that line width has a medium impact on comprehension) [30].
Summary: While prior studies presumably aim to derive insights
into the comprehensibility of real code, they often have a narrow
focus on synthetic code. Prior studies do not analyze if their code
samples are large enough or representative of real code.

2.24  Overall Summary. Designing a controlled study to measure
code comprehension is difficult. The strength of prior studies is their
attempts to directly measure comprehension by having subjects
comprehend code in a controlled setting. However, these studies
also present tradeoffs in exchange for this control: they often use
code that is unrepresentative of real code, subjects who are un-
familiar with the code and are often students, and do not assign
comprehension within the context of performing realistic tasks.

3 APPROACH

Our goal is not to disregard the results or methods of prior studies.
Instead, we view them as a collection of partial windows into the
community’s understanding of code comprehension that we can
complement with an alternate viewpoint. To explore how prior
controls and design decisions might have affected prior results,
we invert the methodological tradeoffs of prior work in our study.
First, we address authenticity by analyzing real code in production
software, produced by professional developers in actual develop-
ment tasks. This aligns with our target demographic of professional
developers comprehending code while completing a concrete task.
Second, we investigate many (604k) code samples, including code
with many lines of code. This gives our study enough scale to de-
rive meaningful and generalizable insights. In exchange for these
tradeoffs, we cede control of our subjects making comprehension
judgments in a controlled environment. This means we cannot
directly observe nor attempt to measure the degree of compre-
hensibility of the code under study (although as noted previously,
existing measurements are also imperfect).
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A key question under this methodology is: How can a code
comprehension study measure code comprehension without
explicitly asking humans to comprehend code? To assert that
the developers working on the open source software that we exam-
ine are in fact comprehending the code, we rely on two primary
rationale: first, the code in these projects must be comprehensible
enough for developers to successfully evolve—these projects are
being actively maintained and deployed. Second, each code change
must undergo code review. Modern open source teams practice
code review, in which a peer must review code before it is accepted
into the code base [47]. Teams and projects have specific code re-
view guidelines to assist both authors and reviewers align on what
type of code should be accepted. For example, developers value
functionality and comprehensibility when examining code [2, 6, 7].
Underlying these guidelines is an unspoken one: the reviewer must
be able to comprehend the code under review—how else would they be
able to properly review it? We validate this premise—that humans
are performing comprehension-judgments even if they are outside
of our supervision—in Section 5.

3.1 Research Questions
Within this empirical approach, we investigate the following:

RQ1: Why do prior code comprehension metrics work for
some studies but not others?

For this research question, we investigate how metrics vary within
methods of similar Length (as is the case in those studies) and reason
about how sample size may impact results given this variance.

RQ2: Do prior code comprehension metrics generalize?
Prior studies examined metrics only on small code—methods with
few LOC. In this question, we evaluate if these metrics apply to
more representative code, which is often much larger.

RQ3: How does code expressivity relate to comprehension?
The prior two research questions focus on the structure of code:
how much code is written and how complex it is. How code is
written also affects its comprehensibility. Prior work measuring
expressivity through comments has yielded inconsistent findings;
in this question, we reconcile these inconsistencies and provide
clearer insights into the role of comments for code comprehension.

4 METHODOLOGY

Our approach presents several tradeoffs with respect to traditional,
code-first code comprehension user studies. These existing method-
ologies are imperfect—and our approach is too, but in different
ways that impact the kind of claims we can make. Following guid-
ance from Robillard et al. [48] we present our experimental design
decisions and implications here instead of as a separate threats-to-
validity section. The primary implications of our selection of an
empirical study are that:

e It increases generality since the analysis is conducted on
a larger scale, language, and project breadth.

o It mitigates ecological constraints during comprehen-
sion since it examines the code developers actually read,
write, and approve in authentic environments. Because devel-
opers are actioning upon their code, we argue this represents
true comprehension.
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e It cannot directly examine, query, nor measure the
nuances of individual developers’ code comprehen-
sion, since we do not use explicit human judgments. As
noted by prior studies, each developer comprehends code
differently [52, 53]. We did not analyze differences between
developers, and chose to examine the differences in code in-
stead. Qualitative studies would excel at investigating these
subjective differences.

4.1 Language Selection

We examined a mix of popular and emerging programming lan-
guages to ensure a balance of maturity and relevance. TypeScript,
Python, Java, and C++ are all among the most popular languages
on GitHub. Rust, with its security features, is one of the fastest
growing languages. These languages are imperative and support
object-oriented programming.

Implication: Our findings span more languages than prior studies
but may not generalize to languages that differ in fundamental
ways (e.g., functional languages).

4.2 Project Selection

We chose the top starred projects on GitHub that were at least two
years old and under active development and extracted the most-
used language in each. We chose this method to focus on projects
that were mature, large, and actively developed. We selected the
first ten projects in each language that had enough code in that
language, to give our analysis in each language and as a whole a
sufficiently large scale. The projects ranged across many domains
including databases, computer vision, and web frameworks. A full
list of projects is in our supplemental materials.?

Implication: Our findings may not generalize to projects that are
smaller, less mature, or lack rigorous code review.

4.3 Method Selection

Several related mining/comprehensibility research analyzed code
at the method-level (instead of file, class, or line-level) [15, 16].
This also reflects how developers conduct code review (method-by-
method). We mined 604k total methods and function declarations
from the selected projects using a custom AST parser. Many lan-
guages allow both methods and functions which we will refer to
collectively as “methods". In order to mitigate the influence of out-
lier methods, we excluded excessively long methods (the top 1% in
length in each project) and short methods (< 3 LOC).
Implication: Nuanced findings from the excluded short or long
methods are not captured in this study.

4.4 Code Metric Extraction

We use only metrics that were also used in prior comprehension
studies. For each category of metric, we justify which metrics we
chose in the following subsections.

4.4.1 Volume. These metrics measure the amount of code. Intu-
itively, more code means more reading and harder comprehension.
Length: The number of lines of code in a method, excluding blank
lines and lines that are entirely comments. Length is the most

2https://github.com/kdchin/empirical-comprehension
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widely-used and easy to calculate metric in software engineer-
ing. Practitioners have used Length as a measure for code quality
since it has been shown to correlate with underlying quality mea-
sures (like bug-proneness and maintainability) that are much more
difficult to directly compute [15, 16]. Length correlates strongly
with volume and complexity metrics like McCabe, FanOut, and
Halstead [1, 17, 27, 28], leading some to conclude Length is the
only code quality metric [20, 25, 55, 56]. However, as noted in Sec-
tion 2.2.3, studies incidentally control for Length by choosing code
of within certain LOC bounds which may affect results.
Identifiers: The number of variable, method, class, or other names
used or referenced. Prior studies have investigated Identifiers’ im-
pact on comprehensibility with mixed results: some say it negatively
affects it [10, 44] and others say it has little effect [19, 36, 52, 53, 61].
Characters: The total number of characters in a method body,
starting from the first non-whitespace character. Prior studies have
generally found that Characters negatively impacts comprehen-
sion [10, 19, 44, 61], though many studies have also found it to have
little impact [36, 52, 53].

Both Identifiers and Characters were treated by prior studies as
averages or maxes based on the Length (i.e. average identifiers/char-
acters per line of code). In our Length-unconstrained environment,
per-line averages make less sense, since that would imply that a
method with 10 lines of code and 100 lines of code are similarly com-
prehensible so long as they have the same amount of characters per
line. We examine both averages and raw counts for Identifiers and
Characters as a part of RQ1 and RQ2.

4.4.2 Complexity. These measure the degree of complication. In-
tuitively, more complex code should be harder to comprehend.
McCabe: The number of linearly independent paths through the
code (1 + #predicates). McCabe correlates with real defects and
maintainability issues (and also with Length) [20, 25, 55, 56].

FanOut: The number of calls to other classes and methods. FanOut also

correlates with actual defects but has not been studied in depth in
code comprehension studies [12, 15].

Halstead: The amount of operators (op1) and operands used in a
method (0p2) used: Nop1 + Nop2 * logz (unique (Nop1 + Nop1)). Hal-
stead volume has been shown to negatively impact comprehension
but also has not been widely studied [12, 44].

4.4.3 Expressivity. These metrics measure how expressive or de-
tailed the code is. They are more stylistic and subjective than Vol-
ume and Complexity metrics and capture how the developer wrote
the code (not just what they wrote).

Identifier Naming: How the developer names their identifiers
(variables, method names, etc). Prior studies find mixed results on
the quality of identifier naming with respect to comprehensibil-
ity [3, 4, 32]. We chose not to evaluate Identifier Naming as a metric
because it is inherently too subjective to be consistently useful
in a multi-project, multi-language empirical study. For example,
heuristic models like Identifier Length may not generalize because
longer is better in some cases but shorter is better in others [3].
CommentPresence: Counting only inline and block comments,
a method may either have no comments (NC), one single com-
ment (SC), or multiple comments (MC). Source code comments are
important to developers [39], especially in code review [6]. Code
comments do not comprise the executable part of a system; they
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exist primarily to help developers manage complexity [8] or com-
municate design rationale or how it should be used [14, 62]. By
adding comments to their code, developers are signaling that their
code requires additional context that is necessary for effective code
comprehension; in this way, comments can be thought of as a proxy
signal for code that requires additional detail to be comprehended.
Entropy: The degree of disorder in the distribution of tokens used.
Entropy captures textual variance and has been shown to negatively
impact comprehension, but has not been widely studied [33, 44].

5 VALIDATION

In this section we investigate if our premises hold in the projects
under study. First, we validate that developers are comprehending
iterating on their code in the projects under study. This accounts
for our lack of control of their exact environments in which they
are comprehending code. Next, because source code comments are
so important to developers, we specifically focus our evaluation of
expressivity features on CommentPresence. In a large-scale empirical
study, this means it is essential to evaluate our design decisions in
our definition of CommentPresence to ensure it is well defined with
respect to our intent. Many artifacts from this validation do not fit
in this paper but are included in the supplemental materials.

5.1 Comprehend, Collaborate & Iterate

We argue that developers in mature software projects are contin-
ually comprehending code through their code review processes.
This is validated by their ability to be maintained and repeatedly
updated by many collaborators. While this assumption may not
hold for every single line of code, prior work has supported its
general validity: analyzing the history of 25 open source software
systems, Piantadosi, et al. find that only a small amount of code
begins unreadable and stays unreadable—the vast majority of code
is created or becomes readable over time [43]. This is supported
by Lehman’s Law, part of which states that successful software
is definitionaly amenable to evolution [34]. Production software
systems are subject to survivor bias as well—the code that we see
is most often the most readable or highest-quality code—compared
to the drafted or previous versions.

5.1.1 Project Processes & Activity. To validate that each project
under study is a mature project that uses collaborative processes,
we manually examined their code contribution guidelines, static
analysis rules, and project metadata. Two authors examined the
code contribution guidelines of each project and checked each for
a section giving guidance on the following: (1) team practices/code
review before acceptance (2) code formatting/style; (3) testing; (4)
adding documentation. Projects frequently contained all four guide-
lines, with each project containing at least one. We also examined
each project’s static analysis rules for at least one rule relating to
code formatting (which existed in all-but-two projects). Almost all
projects had a rule limiting the maximum line width. This affects
the correlation between Length and Characters of our dataset, since
it forces additional characters to appear in a new line. Despite this,
we decided not to apply consistent formatting because we wanted
to preserve authenticity by analyzing the code in the form its devel-
opers and reviewers comprehended it. Apart from this, few projects
had rules that would directly affect our reported metrics (core
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restricted McCabe to 25 per method; hadoop restricted Length to
150 LOC per method, and a few others). Finally, to validate the
maintainability and collaboration of each project, we retrieved the
number of commits and number of human pull request review
comments in the two years prior using Github Archive [26]. The
median project (grpc), is professionally managed by Google and
contained 7.1k commits (almost 300 per month) by 229 unique au-
thors. Collaborators of the grpc project produced 13.7k pull request
review comments from 381 unique reviewers. More mature projects
such as cassandra naturally exhibit less development (547 com-
mits from 40 authors and 1.4k review comments from 69 reviewers)
while surging projects such as rust have been iterated on much
more (44.6k commits from 1.7k authors and 261k review comments
from 1.9k reviewers). These indicate that the projects in this study
are actively worked on by many authors and reviewers, who must
come to a shared agreement on what acceptable code means.

5.2 CommentPresence Design Decisions

In this section we validate three design decisions we made in defin-
ing CommentPresence as a metric.

Table 2: Comment usage in each language and relationship with mean
Length per method. Methods with one or multiple comments are likely to
be longer than those with no comments. Methods with only one docustring
comment are similarly long to those with no comments. Java methods are
shorter and less frequently commented.

Lang ‘ %CM NC Len. Doc. Len. OC Len. MC Len.
C++ 32% 10.8 11.9 18.6 38.0
TypeScript 29% 12.5 11.7 17.5 33.3
Python 29% 12.1 9.4 18.3 34.4
Rust 24% 14.1 13.1 23.2 40.7
Java 17% 9.5 9.9 17.2 27.2

5.2.1  All comments are semantically meaningful. Rationale: “Junk
comments” such as commented-out code and TODOs, make up a
small portion (1-4%) of total comments [41, 60]. State-of-the-art
quality measures for comments are highly subjective. Textual or
lexical features of comments (such as identifier length or vocab-
ulary choice) have mixed findings in prior code comprehension
studies (e.g., [4, 11, 31, 32, 54]), and may be more appropriate to
study in a closer study that can capture the nuances of individuals’
perspectives (see [45] for an index of studies that do).
Validation: To validate this decision, two authors independently
examined a random sample of 500 comments and their surrounding
code (100 from each language). For each comment, an examiner
decided if the comment could have been intended to be helpful
for comprehension or if it was “junk” (e.g. a TODO or commented-
out code). The authors then reviewed their independent decisions
together, and agreed that 12 out of the 500 (2.4%) were “junk com-
ments” which is within the 1-4% range of prior work [41, 60].
Implication: We assume that all comments in our dataset could
have been intended to be helpful for comprehension in some way.

5.2.2  No, one, or multiple comments is a useful granularity. Ratio-
nale: More detailed metrics like characters per comment, lines of
comment code, scalar number of comments may be too granular
to be useful to developers. More verbose comments, more total
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comments, and more lines of comment code are not necessarily
desirable since they may actually hinder comprehension through
excessive reading (as argued by Agile practitioners [18]). We count
consecutive lines of comment code as one comment regardless of
syntax because they likely represent the same sentiment.
Validation: We evaluated two variations of comment metrics: un-
constrained comment count, and comment lines of code (which
were used in prior studies) [10, 12, 19, 33, 36, 38, 44, 46, 51, 53, 57,
59, 61]. For each metric, we calculated their association with the
same suite of comprehension metrics as we did CommentPresence.
We then measured their correlation coefficients and visualized their
relationships. Both show that their propensity to grow together
at scale is limited (Pearson’s r? is low (~0.2), and the data do not
appear linear). Since this aligns with the practical intuition that
(unconstrained) comment counts or lines does not necessarily aid
comprehension, we proceed with the more simple, constrained
metric (CommentPresence) which delineates just three categories:
methods with no comments (NC), single comment (SC), or multi-
ple comments (MC). As shown in Table 2 and Figure 2, even this
granularity provides strong discriminatory power, with metrics
drastically increasing with more comments.

Implication: We do not provide insight into how the content nor
size of comments affects comprehension. We present CommentPres-
ence as a comprehensibility metric that is easy to compute, natural
to developers, but also limited in detail.

5.2.3 Docstrings are not comments. Rationale: Docstrings often
convey different information than typical in-line source code com-
ments (e.g., API or usage information).

Validation: At least according to Length, methods with docstrings
are more similar to methods without comments than those with them.
The average Length of no comment (NC) methods (9.5 LOC Java;
14.1 LOC Rust) are very similar to those with only a docstring
and no other comment (9.9 LOC Java; 13.1 LOC Rust) (Table 2).
However, when considering docstrings as comments, usage num-
bers would differ drastically: Python would increase from 29% to
54% commented methods (Python docstrings often contain type
information) while Java would rise from 17% to 38%. Analyzing
the differences of docstrings and comments on comprehension is
interesting future work but out of scope for this study.
Implication: We presume that docstrings and comments are cir-
cumstantially different. Projects that use docstrings and comments
similarly may find different results.

6 EVALUATION

In this section we empirically evaluate our research questions. See
our supplemental materials for full figures and datasets.

6.1 Length-local Variations Exist in Real Code

To investigate why code comprehension metrics have inconsistent
results in prior work, we investigated their varying values in meth-
ods with similar Lengths. Figure 1 plots the medians of each of these
metrics in three Length-groupings of methods in each project: Small
(< 15 LOC), Medium (16-38 LOC), and Large (39+) LOC methods.?
For example, the blue dot in the n8n row represents the median

3These limits were chosen to capture equal thirds of the total LOC in our dataset.
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Figure 1: Measuring comprehension metrics against Small (< 15 LOC), Medium
(16-38 LOC), and Large (39+ LOC) methods. The bars represent the inter-
quartile range for each metric and show their Length-local variation. This
may explain why they are valuable in comprehension studies with fixed LOC.
The close grouping of each metric within method size groupings shows that
they are highly correlated with Length.
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McCabe value for methods under 16 LOC in the n8n project, and its
blue shaded region captures its inter-quartile range (McCabe values
between the 25th and 75th percentile of Small methods). This plot
captures three key observations.

First, most methods in real open source projects are Small or
Medium, measured by any of the metrics. This is represented by the
blue and yellow shaded bars having a large area, since they account
for a higher percentage of each project’s total methods. Second,
examining the project and language differences, the projects low-
est on the Y-axis are primarily Java projects. Most prior studies
investigated small-to-medium Java code.

Finally, across all projects, the comprehension metric values dis-
play moderate variation within each Length groupings (the shaded
IQR bars). This is especially present in the Small and Medium
method groups. In other words, controlling Length to similarly-
lengthed methods still results in meaningful Length-local differ-
ences in comprehension metric values. For example, Small methods
in the IQR of tensorflow range from 10 to 29 Identifiers. Examining
these metrics as they were used in prior studies (as averages), the
Small method IQR range results in a range of 2.0 to 3.3 Identifiers and
31 to 47 Characters per line.

We then calculated the standard deviation of each metric, which
measures the degree of spread a metric has from its mean (colloqui-
ally, its variance). In Java, a mean of 235 (Small methods)/450 (All
methods) Characters per method with a standard deviation of 171

Kyle D. Chin and Reid Holmes

(Small)/537 (All) indicates a high standard deviation. This pattern
repeats itself for Small methods in other languages and shows that
methods in real code vary greatly according to metrics.

We also calculated the standard error to estimate how much the
mean of each metric is likely vary from sample to sample. Unsur-
prisingly, given how large the sample sizes are, Java methods in our
dataset had low standard errors of 0.4 (Small methods) and 1.1 (all
methods). However, using our calculated standard deviation on the
maximum code sample size in prior study (16), the standard error
jumps to 43 and 134, respectively. In other words, taking different
samples of 16 methods may result in large differences in the average
amount of Characters in the sample. This pattern is similar across
other metrics and languages and highlights that code metrics used in
prior comprehension studies are likely to vary from sample to sample,
especially when using small samples.

RQ1: Why are prior studies inconsistent?

Summary: Examining real code that is similar in length
to those used in studies, prior comprehension metrics vary
in code with similar Length. Length-local variations like
these may be an additional source of sample variability
and may contribute to inconsistent prior results.

6.2 Length Correlates With Other
Comprehension Metrics

To understand how prior comprehensibility metrics relate to Length,
we again examine Figure 1. When we zoom out and look at the
differences between the groupings, we see that the median com-
prehension metric values are very different. Each metric is much
larger when moving up a grouping. In other words, the Length-non-
local differences in comprehension metric values is large, meaning
Length likely also impacts other comprehension metrics (and com-
prehension as a whole). For example, Small methods in tensorflow
have a median of 18 Identifiers, compared against 74 (Medium) and
94 (Large) methods. This visual intuition is supported by the Pear-
son r2 correlation coefficients, which indicate that Length correlates
strongly with Characters (0.91), Identifiers (0.86), Halstead (0.83), and
also with FanOut (0.72), McCabe (0.71) and Entropy (0.58), all with
minimal standard error (< 0.002). This demonstrates that in a large,
Length-unbounded dataset, Length strongly correlates with existing
comprehension metrics. This is also backed up by the standard
deviations, where Small Java methods have a standard deviation of
171 Characters while all Java methods, 537. In other words, metric
values vary more widely when they are not constrained by Length.
Finally, examining per-line average metric values as used in prior
studies, these metrics provide much less discriminatory power. For
example, in tensorflow, the median value in each group for aver-
age Identifiers is 2.6 (Small), 2.8 (Medium) and 2.9 (Large). Average
Characters varies from 39 (Small), 44 (Medium) and 47 (Large).

RQ2: How does Length interact with other metrics?

Summary: Prior metrics also have strong Length-non-local
impact—they scale linearly with Length—indicating that
Length may impact comprehension. Average metrics (per
LOC) do not discriminate as well on larger code.



Put The “Code” Back In “Code Comprehension Study”

Figure 2: Comprehension metrics between NC, SC, and MC groups across lan-
guages. Each language/comment-group boxplot is generated from the metric
X project medians, normalized by the maximum value. For example, the NC
Java boxplot consists of 6 metrics X 10 projects = 60 data points. NC methods
are relatively low complexity while SC and MC methods are several times
larger.
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6.3 Comments Co-locate With Complexity

We evaluate how CommentPresence relates to other measures of
code comprehension. In, Figure 2, we divided the dataset into meth-
ods with no comments (NC), methods with one comment (SC),
and methods with multiple comments (MC) and calculated the me-
dian values for each comprehension metric within each group and
project. This plot demonstrates that, generally speaking, methods
with comments are much more complex than those without com-
ments, since the blue NC boxes are lower than the yellow SC and
red MC boxes. This effect is especially noticeable in Java and Rust,
with SC methods being almost twice as large and complex as NC
methods. For example, the median Length/Identifiers/Halstead of
a NC method in vscode is 8/15/94, while that of a OC method
is 13/27/212. We also see that methods with multiple comments
(MC) are generally even more complex (23/53/480 in vscode). We
confirmed this relationship between the three levels of CommentP-
resence using two statistical tests:

(1) One-Way ANOVA, which is the multi-group version of a
t-test and measures the Type-1 error (concluding the groups
differ when they do not).

(2) Cliff’s Delta, which measures the effect size, or how often
values in one distribution are larger than those in another.

We conducted an ANOVA test for each language, measuring the
effect of CommentPresence on each metric. Each ANOVA test re-
sulted in a p-value of 0.00.% This is due to the mean metric values
being vastly different for each group, and indicate that Comment-
Presence has a statistically significant effect on each metric. We
computed Cliff’s Delta between NC and SC, and SC and MC groups.
This resulted in a median effect size of 0.36 and 0.45, respectively,
indicating medium-to-large effect which backs up the approximate
size differences portrayed in Figure 2 and Table 2.

A natural follow-up question is if these distinct differences can

be explained because commented methods tend to be much larger

4Rounded to four decimals.
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in Length (and hence larger in the other metrics as well, as demon-
strated in RQ2). In Figure 3 we calculate each metric across all
projects in a language with a fixed Length, meaning that each com-
parison contains the computed metrics for all methods at that exact
Length only. For example, a dot for 15 LOC compares all 15 LOC
commented methods with non-commented methods in a metric
(as noted in Section 4 LOC does not count comment lines). Still,
almost universally for each Length and metric, Cliff’s Delta values
are typically small-to-medium toward commented-methods being
more complex. Python exhibits the largest effect sizes, with some
bordering on large. Even within the same amount of lines of code,
commented methods tend to be larger and more complex. In other
words, commented methods having a longer Length does not alone ex-
plain the increase in other metric values, and this pattern generalizes
by language and by project.

RQ3: How is expressivity related to comprehension?

Summary: Methods with comments, especially those with
multiple comments, are larger and more complex than
methods without comments. This observation holds even
when accounting for methods’ Lengths.

7 DISCUSSION

Fundamentally, we sought to understand the influence that design
decisions and controls may have had on the ecological validity and
results of prior code comprehension studies. Prior studies were able
to directly observe their subjects’ comprehension of code, but had
to compromise on other aspects, for example by using students,
examining small code, and/or assigning unrealistic tasks. In our
empirical methodology, we no longer directly observed our “sub-
jects” comprehension of code but this allowed us to examine a large
amount of real code that professional developers collaboratively
wrote and evolved. We believe that this preserves the ecological
validity of the code under study. This allows us to derive meaning-
ful insights into the general population of code relevant to code
comprehension research and practice at the expense of not being
able to investigate the subjective, developer-specific nature of code
comprehension. In this section, we discuss the implications of our

findings.

7.1 Sample Variability Affects Results

In RQ1, we sought to understand why prior studies found incon-
sistent results in features of code that we would intuitively think
to always impact comprehension. Higher values in volume and
complexity metrics (e.g., more code, more complex code) should
negatively impact comprehensibility but have not always been
found to. In Table 1 we noted that studies usually examined at
most 16 different code snippets per participant. We posit that this
is not a large enough sample size to consistently represent of the
population of code that exists in practice. Our evaluation showed
that when looking at population of code that is similar to those
used in studies, volume and complexity metrics vary greatly and
exhibit high standard error even in our large dataset. This implies
that samples of code vary greatly in nature and may affect results.
The implication for study designers is that it is crucial to calculate,
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Figure 3: Cliff’s Delta between NC methods and commented methods for each metric and across languages when Length is fixed from 3-60 lines of code. Each dot
indicates a Cliff’s Delta value for a fixed line of code across all methods in that language. A darker dot indicates a higher count for lines of code. Metrics on the
legend are left-to-right on each box plot. Even when fixing for Length, CommentMethods demonstrate a small-to-medium increase in metrics in all languages and

metrics.
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report, and discuss the effect of sample size and metric variations
on results, especially since it is not always realistic to simply in-
crease the amount of code variation and/or subjects. Standard error
is inversely proportional to /samplesize (meaning 9x increase in
sample size is needed to achieve 1/3 of the standard error). Studies
may benefit from performing a priori power analysis to determine
how feasible it is to even achieve results given the sample size [9, 30].
For example, a sample size of 16 may not even be sufficient to show
a strong enough correlation (e.g., effect size of 0.5) between a code
metric and a comprehension measure and within a confidence in-
terval (e.g., 0.2). This may be one reason that prior studies found
inconsistent results: they might not even have been able to find
statistically significant and noticeably large effects because they
were too small to begin with.

This raises the meta question about the overall goals of compre-
hension studies given this context variability: are we seeking to
build a consensus on comprehensibility ratings? Given the method-
ology of prior studies, the answer appears to be yes—most studies
have multiple subjects analyze multiple different pieces of code
and try to derive objective, general results. However, prior research
has shown that subjects do not always consistently assess com-
prehensibility when compared against other subjects or even with
themselves, even when they have a rubric [35].

Instead, given the difficulty of running a user study that is large
enough to bring statistically significant and general results, it might
be more fruitful to pivot the goals of the study. Instead of trying
to build a consensus in these studies, it may be more valuable to
analyze the intra-participant-code differences (instead of the in-
ter-participant-code ones)—by investigating how each participant
comprehended each code snippet differently, each in their own, sub-
jective way. The nature of code is highly influenced by the context
in which it is produced and by the personal, subjective qualities
of the human comprehending it. Smaller scale qualitative studies
excel at exploring each individuals process of comprehension, and
may bring a deeper understanding of comprehension even if they
cannot necessarily be generalized.

Java C++

Implication: Practitioners of smaller scale user studies should con-
sider and state how strong, precise, and general they seek for their
results, and if their sample size and standard deviation are large
enough to find it. Qualitative, human-first comprehension studies
are valuable in their ability to deeply explore the inherently sub-
jective interpretations of code. A code-first comprehension study
like ours presented here cannot capture the subjective nuances of
comprehension.

7.2 Context Matters

Meaningful differences exist in code between projects and lan-
guages. Figure 3 shows that, particularly in Python and less so
in C++, commented methods tend to be more complex than their
non-commented counterparts of the same Length. Additionally, the
distributions between the top and bottom rows in Figure 1 (n8n
and cassandra) and the overall variation row-to-row show that
Length and other metric distributions vary greatly among projects.
Particularly notable was spring-boot, in which every method was
27 lines of code or fewer despite having no static analysis rules that
would automatically enforce this (spring-boot also has an anoma-
lous rows in Figure 1). We speculate that strong and strict code
review dictate this pattern. Given these language variations, project
and domain differences, the natural variations in code (RQ1), and
variations in how individual developers comprehend the same code
fragment, we believe that it is near-impossible to produce a sin-
gle truly generalizable result from a small-scale, controlled user
study. We believe that this may be a contributing cause to the incon-
sistencies in prior work, and emphasize the importance of future
studies to analyze the impact of these differences (especially those
by developers) on comprehension.

Additionally, in RQ2 we examined the impact of using per-
line averaged metrics (namely in Characters and Identifiers). We
showed that across non-local LOC bounds (from Small to Medium
or Medium to Large methods), these metrics exhibit large variations.
In other words, an averaged metric value has significance primarily
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when examining local methods with similar Lengths. This may not
hold when when comparing methods with larger differences in
LOC.

Implication: Studies may have more earnest results by analyzing
the baseline metric values within their code samples to understand
if those generalize to the greater population of code or to isolate
specific metrics that may be more salient within the sample.

7.3 Comments Also Matter

Despite their only purpose being to provide additional context to
code that cannot be expressed in the code itself, comments have
not been consistently found to improve comprehensibility [12, 19,
53, 61]. Our results provide an explanation for why: throughout
each language and project, comments appear in more complex and
harder to read code (even when we control for Length).’> In other
words, the natural complexity of the code may counteract any com-
prehensibility benefits that comments provide. This follows the
natural intuition of developers that comments aid comprehension
because they give additional context or rationale that could not be
expressed in the code itself, and would appear more in code where
developers and reviewers felt the extra detail was necessary—longer,
more complex or harder to understand code. Revisiting Figure 3, we
can see this effect visually: the additional volume and/or complexity
of code that may negatively affect comprehensibility (i.e. the effect
size) is counteracted by comments. This implies that comprehensi-
bility cannot be captured by any one metric.

Implication: If we hope to use metrics to effectively measure com-
prehensibility (as something that is impossible to directly quantify),
we must do so using a combination of metrics. Our definition of
CommentPresence may be useful in this regard.

7.4 Helping Developers in Code Review

Our insights on the value of Length and comments on code compre-
hension are valuable because they give the first consistent, large-
scale research-backed credence to intuitions that all software de-
velopers have. We already knew that developers reported valuing
these metrics in comprehension and code review [2, 6, 7]—now we
know that these features actually, empirically, make a difference.
So, what should developers take away from this insight?

Modern software projects often use static analysis tools to pre-
vent bugs or enforce consistent formatting [47]. We argue that
projects could benefit from adding static analysis rules to manage
the comprehensible complexity of methods, much as many already
do for line width (e.g., angular, scikit-learn) and/or cyclomatic
complexity (e.g., core). Just one of the projects under study had a
static analysis rule for number of lines of code per method (hadoop:
Length < 150), and popular static analysis tools in Python, C++,
and Rust do not even support this as an option despite popular style
guides (e.g., Google’s C++ Guide) explicitly recommending writing
short methods. Length and CommentPresence are easy to compute
and, importantly, easy for developers to amend, meaning they lend
well to automated static analysis. For example, inducing develop-
ers to either write a comment or reduce the LOC in a method to
satisfy a static rule benefits comprehension by resulting in either

5Lee et al had speculated this as the reason they found that comments negatively
impacted readability [33].
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a new comment or decomposition, which also improves maintain-
ability [16]. These are typical parts of code review that can (and
we argue, should) be semi-automated, allowing developers and
code-writing Al agents to focus on other important aspects of de-
velopment.

Implication: Static analysis rules, e.g. where Length thresholds
increase based on CommentPresence, may be an effective way to
automatically manage Length and comments to aid code review.

8 CONCLUSION

Code comprehension studies have struggled to build a consensus
around what actually affects code comprehension. In our study,
we attempt to bring generality to inconsistent prior results using
a code-first methodology that prioritizes authentic context and
large scale. We analyze comprehensibility features in 604k methods
across 49 professionally-managed software projects in 5 different
programming languages. We demonstrate that metrics used in prior
comprehension studies exhibit high variance in real code and es-
pecially with small sample sizes. This may help explain why prior
studies find conflicting results. We find that Length—the amount
of lines of code in a method—is highly correlated with previous
comprehension metrics and posit that future code comprehension
studies should be Length-aware. We then find that comments and
Length are useful code comprehension features that warrant further
exploration in human-first studies. We believe these results provide
evidence-based, actionable ways for developers and researchers
to improve the understanding, implementation, and study of code
comprehension.
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