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Abstract—Method names play an important role in commu-
nicating the purpose and behavior of their functionality. Re-
search has shown that high-quality names significantly improve
code comprehension and the overall maintainability of software.
However, these studies primarily focus on naming practices in
traditional software development. There is limited research on
naming patterns in Jupyter Notebooks, a popular environment
for scientific computing and data analysis. In this exploratory
study, we analyze the naming practices found in 691 methods
across 384 Jupyter Notebooks, focusing on three key aspects:
naming style conventions, grammatical composition, and the
use of abbreviations and acronyms. Our findings reveal distinct
characteristics of notebook method names, including a preference
for conciseness and deviations from traditional naming patterns.
We identified 68 unique grammatical patterns, with only 55.57 %
of methods beginning with a verb. Further analysis revealed that
half of the methods with return statements do not start with a
verb. We also found that 30.39% of method names contain ab-
breviations or acronyms, representing mathematical or statistical
terms and image processing concepts, among others. We envision
our findings contributing to developing specialized tools and
techniques for evaluating and recommending high-quality names
in scientific code and creating educational resources tailored to
the notebook development community.

I. INTRODUCTION

Methods are fundamental elements of source code, encap-
sulating behavior and promoting code reuse and modularity
[1]. They represent the smallest unit of functionality, enabling
practitioners to break down complex processes into manage-
able, logical segments. This decomposition makes it easier
to read, understand, and test the program [2], [3]. Equally
important to having well-defined methods is the necessity for
having method names that effectively communicate the pur-
pose and functionality of a method [4], [5]. This is particularly
important as developers spend 58-70% of their time trying to
comprehend code and only 5% editing it [6].

Extensive research has examined identifier names, exploring
their structure, semantics, evolution, and developers’ percep-
tions [7]-[12]. These studies show that effective identifier
names are crucial for improving code readability and main-
tainability and can improve code comprehension by as much
as 19% [13]. However, most of this research has primarily
focused on code written in traditional programming environ-
ments by developers with formal computing backgrounds. As
a result, there is a gap in our understanding of naming con-
ventions in alternative environments like Jupyter Notebooks.

Unlike traditional Python programs, which are typically
linear text files often spread across multiple files, Jupyter Note-
books are interactive documents divided into executable code

cells interspersed with documentation and output cells. These
notebooks offer an environment that supports interactive and
iterative data exploration, prototyping, scratch work, creating
tutorials and teaching aids, all within a single document [14],
[15]. This unique combination of factors can influence how
practitioners, many of whom lack a formal background in
computer science [16], [17], name and structure their methods,
particularly in the context of scientific programming [18], [19].

While several studies have examined code quality in Jupyter
Notebooks, focusing on style violations, reproducibility issues,
and structural complexity and organization [14], [16], [20]-
[23], the quality of identifier names, a key factor in code com-
prehension, remains underexplored in notebook environments.

A. Motivating Example

Consider the methods shown in Listings 1 and 2, which were
extracted from a dataset of open-source Jupyter Notebooks
[22]. In Listing 1, the name is composed of a single term
which happens to be an acronym, ‘rmse.’ This stands for
‘Root Mean Square Error’, which is a domain-specific term
often used in fields like statistics, and machine learning and
is generally unfamiliar to those outside of these fields. Using
acronyms like ‘rmse’ as method names can lead to confusion
as it assumes that the users of the code will have prior
knowledge of the term, which might not always be the case,
especially for novices or interdisciplinary teams [13]. Further,
the method name deviates from naming practices by not
following a verb phrase pattern, which can lead to confusion
regarding its action or behavior [10]. A more descriptive name
like ‘compute_root_mean_square_error’ would better convey
the method’s purpose. Listing 2, in contrast, includes a verb
(‘search’), which ideally should be at the start of the name.
The name has two other issues: (1) it does not follow Python’s
recommended snake_case convention, and (2) it lacks a con-
ventional boolean prefix, despite returning a boolean value. A
more suitable name would be: ‘is_game_category_present.’

def rmse (predicted, actual):
# formula for rmse

residual = predicted - actual
residual_sqg = residual xx 2
mean_sg = np.mean(residual_sq)

rmse_value = np.sqgrt (mean_sq)
# return rmse_value
return rmse_value

Listing 1. Method name lacking a verb prefix and composed of an acronym.




def gamesearch (x):

gamecategory=[’computer games’, ’‘video games’
, 'video-games’, ’computer-games’, '
mmorpg’, ’‘nintendo’, ’playstation’]

regex = re.compile("|".join(word for word in
gamecategory), re.IGNORECASE)

if regex.search (x[’summary’] or x[’'title’] ):
return 1

else:
return 0

Listing 2. Method name violating Python’s snake_case convention and not
reflecting its actual behaviour.

These examples highlight the need to explore method nam-
ing practices in notebook environments, as they may not only
share common naming violations with traditional program-
ming environments ([4], [24], [25]) but also exhibit unique or
more frequent violations due to their unique characteristics.

B. Goal & Research Questions

The paper presents an exploratory study to enhance our un-
derstanding of naming practices in scientific programs, specif-
ically focusing on code contained within Jupyter Notebooks.
Our goal is to examine the characteristics of method names in
notebook environments, including their grammatical structure,
case conventions, name length, and use of abbreviations and
acronyms. We focus our evaluation on method names as they
encapsulate behavior and represent primary units of function-
ality within code [4]. Further, method names play a crucial role
in conveying the functionality and intent of code segments, di-
rectly impacting program comprehension and maintainability
[5], [26]. By understanding how practitioners typically craft
method names in scientific programs, we envision our findings
leading to: (1) the development of tools and techniques in
method name recommendation and appraisal in the context of
scientific programming and (2) the development of educational
materials to train scientific programmers in effective naming
practices. Furthermore, our focus on naming patterns provides
the groundwork for exploring broader issues such as notebook
reproducibility and collaboration practices.

We aim to answer the following research questions (RQs):

RQ1: What are the prevailing patterns in case conven-
tions and name length of method names within Jupyter
Notebooks? Case conventions and identifier name length are
essential to code readability and understandability [12], [13],
[27]. This RQ examines how practitioners balance descriptive-
ness and conciseness in their method names.

RQ2: What are the predominant grammatical patterns
in method names within Jupyter Notebooks? In this RQ,
we aim to identify how practitioners construct method names,
particularly their grammatical structure, in notebook environ-
ments. Instead of analyzing individual terms in the name,
we examine part-of-speech patterns, which comprise a finite
set. This approach allows us to uncover common naming
conventions, as the same part-of-speech pattern can represent
numerous semantically distinct yet syntactically similar names.

RQ3: What are the patterns and prevalence of abbre-
viations and acronyms in method names within Jupyter
Notebooks? This RQ explores the prevalence and types of
abbreviations and acronyms practitioners use when crafting
method names in notebook environments. Since notebooks
are frequently employed for scientific and domain-specific
programming [18], [19], understanding these naming patterns
can reveal how practitioners balance naming conciseness with
readability in specialized contexts.

C. Contributions

The main contributions of this work are:

o A detailed analysis of the grammatical structure of method
names in Jupyter Notebooks, complemented by a manually
annotated dataset of part-of-speech tags in these identifiers.

o An improved understanding of the use of abbreviations
and acronyms in notebook method names and their role in
conveying information.

¢ Our findings provide a strong initial step towards enhancing
the readability and understandability of scientific software
by identifying opportunities for future research, including
the development of automated tools tailored to notebook
environments and scientific code analysis.

II. RELATED WORK
A. Code Quality in Jupyter Notebooks

In their analysis of 1,982 Python-based Jupyter Notebooks,
Wang et al. [20] report that the notebooks have a high error
ratio (36.26%) against PEP8 guidelines compared to inde-
pendent Python scripts (13.40%). The authors also highlight
the prevalence of unused variables and the use of deprecated
functions. Grotov et al. [22] conduct a large-scale comparison
of Python code in Jupyter Notebooks and traditional scripts,
focusing on structural and stylistic differences. Their findings
indicate that notebooks contain 1.4 times more stylistic issues
and tend to have more entangled, though structurally simpler,
code. Additionally, the authors report that notebooks contain
fewer unique user-defined functions but use them more fre-
quently. In comparing machine learning code quality between
Python scripts and Jupyter Notebooks, Adams et al. [23] find
that while Jupyter notebooks are larger and less complex,
they exhibit higher coupling and more frequent use of built-in
functions, and contrast with Grotov et al. [22] showing that
scripts have more style issues per file.

In a study of 1,159,166 unique Jupyter Notebooks, Pimentel
et al. [21] report that most display good practices like using
markdown cells, visualizations, and meaningful filenames.
However, issues such as out-of-order code cells and non-
executable cells hinder reproducibility. A study involving a
multivocal literature review, interviews with professional data
scientists, and an analysis of 1,380 Jupyter Notebooks from
Kaggle by Quaranta et al. [28] identifies 17 best practices
across six themes for collaboration with computational note-
books in data science. Among these best practices, the authors
highlight the importance of giving notebooks meaningful
names and adhering to widely accepted coding conventions,



such as PEP 8 for Python. In their examination of com-
putational notebooks, Rule et al. [14] highlight that many
notebooks are viewed as personal, exploratory, messy, and
lacking explanatory text. Due to these factors, notebooks often
need to be cleaned and annotated before sharing, which is
perceived as tedious and time-consuming.

B. Grammar Patterns & Abbreviation and Acronyms

Newman et al. [29] examine 1,335 identifiers from 20 Java
and C/C++ open-source systems to identify common grammar
patterns used in identifier names. The authors find that a fre-
quently observed grammar pattern is the verb phrase, primarily
used in function names or boolean variables. A survey of 1,162
professional developers by Alsuhaibani et al. [10] reports
that most developers agree that method names consisting of
multiple words should be presented in a grammatically correct
structure and that every method name needs to contain at
least one verb to enhance understandability. In a study of
JUnit-based unit test methods, Peruma et al. [30] identify
the most prevalent grammar patterns, revealing that the top
five most common patterns for test method names are all
verb phrase patterns. In their study of identifier renaming in
Java projects, Arnaoudova et al.[31] reports that 76% of the
classified renamings did not involve a part of speech change
and 13% involved singular/plural changes. The majority (83%)
involved other parts of speech changes, such as from nouns
to adjectives. Butler et al. [32] analyze 120,000 identifier
names by identifying common and project-specific naming
conventions. Their work focuses primarily on class names and
finds that a majority are composed of noun phrases. Caprile
and Tonella [33] analyze one industrial and nine public domain
applications, performing a lexical, syntactic, and semantic
analysis of function identifier names. They develop a regular
grammar that effectively parses many identifiers from their
database of 3,304 identifiers. Host et al. [34] created a phrase
book to assist Java programmers in generating meaningful
identifier names, highlighting the importance of longer, de-
scriptive names for clarity on a method’s behavior.

In their analysis of abbreviation expansion, Newman et al.
[35] examined 861 abbreviation-expansion pairs and found
that 19% of words in multi-word expansions are non-adjacent.
Non-adjacency in expansions leads to ambiguity in the mean-
ing of an abbreviation. In a study where participants locate
semantic errors in code, Hofmeister et al. [13] find that code
with identifier names consisting of full words is comprehended
19% faster than code with identifier names that consist of
abbreviations and single letters. The authors also discover
that abbreviations and single letters may signal lower-quality
code. In a survey with 128 participants, including students and
professionals, Lawrie et al. [7] find that full-word identifiers
are more comprehensible than single-letter identifiers.

C. Summary

Prior studies on identifier naming, especially regarding
grammar patterns, abbreviations, and acronyms, have primarily
concentrated on traditional software development. However,

there is a limited understanding of these practices within
Jupyter Notebooks. Existing research on notebooks has mainly
focused on structural aspects, such as PEP8 violations and
reproducibility issues, rather than on naming conventions,
rather than naming practices. This study aims to bridge these
areas by providing the first systematic analysis of method nam-
ing practices in notebook environments, examining naming
styles, grammatical patterns, and the use of abbreviations and
acronyms. Understanding these patterns will help in devel-
oping educational resources and specialized tools to improve
code quality and the overall maintainability of notebooks.

III. STUDY DESIGN

This section provides details on the design of our study.

A. Source Dataset

The study utilizes an existing dataset of 847,881 permis-
sively licensed Jupyter notebooks with Python as the specified
language. The notebooks were collected from GitHub and
made available by Grotov et al. [22] for their study on
analyzing Python code within Jupyter Notebooks. The dataset
is available as a PostgreSQL database, where each markdown
and code cell is represented as rows in tables. This dataset has
also been used in prior research studies [36], [37].

B. Notebook Extraction

While a manual analysis of the entire dataset of 847,881
Jupyter notebooks is comprehensive, it can be impractical.
Hence, for this study, we extracted a statistically significant
number of random notebooks from the dataset. Using the
random () function in PostgreSQL, we extracted a statisti-
cally significant random sample from the source dataset with
a 95% confidence level and 5% margin of error, resulting in
384 notebooks. A custom Python script was created to extract
and reconstruct these 384 notebooks from the database rows.

C. Method Name Extraction

We built a custom Python script to extract method details
from the set of 384 notebooks. Our code first converted
the notebook to a Python script and used Python’s ast
module to parse through the notebooks, collecting the method
names, parameters, and return statements. Since this is an
exploratory study, manually analyzing all methods across the
384 notebooks was unfeasible. Therefore, we selected two
methods from each notebook for analysis. This sampling
strategy enables us to examine a diverse range of notebooks
while keeping the analysis workload manageable and capturing
potential variations in naming practices. If a notebook con-
tained only one method, that method was chosen for analysis.
In total, we extracted 695 method names for manual review.

D. Manual Analysis

As this is an exploratory study, we choose to conduct a
manual analysis of method names instead of relying on an
automated approach. The manual approach allows for deeper
insights into the semantic and syntactic nuances of these
names. Furthermore, current part-of-speech taggers still need



considerable improvements to effectively analyze identifiers
[29], [38], [39]. Likewise, abbreviation expansion tools/tech-
niques often face limitations in their expansion accuracy [35].

We manually analyze each of the extracted 695 method
names to answer the three RQs posed in Section I-B. As part
of this analysis, for each of the 695 method names, we review
the method body and surrounding code. Additionally, we also
review the entire notebook if the surrounding code does not
provide sufficient context. In the process, we identified four
names that were non-English and not recognized as domain
or technology terms, which we excluded. After this exclusion,
we were left with 691 method names to answer our RQs.
The manual analysis was carried out by four authors, each
with over four years of programming and research experience
in program comprehension. Below, we describe the different
procedures used in the manual analysis.

1) Grammar Pattern Analysis: To determine the grammatical
structure of the method names, we utilized the part-of-speech
tags defined by Newman et al. [29]. These tags are specifically
tailored for analyzing source code identifiers and include: noun
(N), noun modifier (NM), verb (V), verb modifier (VM),
preposition (P), determiner (DT), conjunction (CJ), pronoun
(PR), digit (D), and preamble (PRE). Further, the NM tag is
used for both adjectives and noun-adjuncts, which are nouns
used as adjectives to modify other nouns.

Using these tags, three of the authors individually annotated
each method name and tagged each term with a part-of-
speech label. Before annotating, the authors received training
on the tags to ensure a consistent understanding of the part-
of-speech classifications. This training included resources and
examples (such as [40]) and discussions about the appropriate
application of each tag in the context of method names.

Each annotator reviewed the notebook where the method
name was located to gather context on the method by exam-
ining the method’s body, as well as any surrounding code,
comments, or markdown cells. Context is vital when deter-
mining the grammar pattern of a method name, as the same
term may have a different part-of-speech tag depending on
the context. For example, the term ‘test’ could either be a
verb in testModel where the method evaluates the model,
or a noun modifier in testData where it specifies the
test dataset. To ensure the reliability of results, the authors
cross-validated their annotations to ensure consistency and
resolved disagreements through discussion, which included
reviewing the code. Additionally, we calculated the inter-
annotator agreement on the original annotations using Fleiss’
Kappa ([41]), obtaining a value of 0.813, which shows a very
strong agreement among the annotators [42].

2) Name Composition Analysis: As part of identifying the
part-of-speech tags, the annotators also split each method name
into its individual terms and annotated the case convention
styling associated with the name, and the method’s return type.
Any conflicts in this process were resolved through discussion.
We achieved an inter-annotator agreement value of 0.984 using
Fleiss’ Kappa for term splitting and 0.97 for return types.

3) Abbreviation and Acronym Analysis: Following a sim-
ilar approach, the annotators also reviewed method names
to determine the existence of abbreviations or acronyms
in the method’s name. Next, for each identified abbrevia-
tion/acronym, the annotators reviewed the surrounding code
(including comments) and markdown cells, and if that was
not sufficient, the entire notebook to identify the expansion
of the abbreviation or acronym. Similar to the prior analysis
activities, conflicts were resolved through discussion. Using
Fleiss’ Kappa, we calculated an inter-annotator agreement for
the detection of abbreviations and acronyms at 0.966 and an
agreement of 0.987 for their expansions.

Dataset: The grammar patterns and abbreviations/acronyms
dataset, with the associated code, is available at [43].

IV. RESULTS

In this section, we present our findings by answering our
RQs. Due to space constraints, in some instances, we report
on frequently occurring instances; the complete dataset is
available in our artifact package at: [43].

RQ1: What are the prevailing patterns in case conventions
and name length of method names within Jupyter Notebooks?

Our analysis of the case conventions used by practitioners
when naming methods shows that the majority of names follow
the snake_case convention, with 477 instances, accounting for
69.03% of the total. Table I presents the distribution of the
different case convention types in our dataset. As part of
our annotation process, method names composed solely of
lowercase characters without any underscores were classified
under the lowercase category, while names consisting entirely
of uppercase characters were categorized as screaming case.

In examining the terms making up a method’s name in our
dataset, we observe that 337 (or 48.77%) of the names consist
of two terms, followed by 159 (23.01%) and 149 (21.56%)
of names consisting of one and three terms, respectively. The
median number of terms in a name is two, while the maximum
number of terms is six, which occurs twice in our dataset. On
average, there are 5.22 characters per term in a name. There
are nine methods composed of only a single character (after
ignoring digits in the name).

Our dataset contains 22 methods with digits in their names.
Among these, the digit 2’ is the most common, occurring
in 13 instances. The most common position for a digit is the
second term, such as in top_3_accuracy. The digit is often
used to indicate sequential order or as a distinguisher (e.g.,
gl and g2). Additionally, it may represent machine learning-
specific terms, such as £2_score_thr, where the ‘F2’ score
is a metric used to evaluate a model’s performance) or serve
as a shorthand for the preposition ‘to’ (e.g., Ang2Pix).

Finally, when analyzing the first term in the names, we
identified that the most frequent terms are ‘get, ‘plot, and
‘load,” with 63 (9.12%), 35 (5.07%), and 22 (3.18%) instances,
respectively. In total, there are 283 unique starting terms.



TABLE I
METHOD NAME CASE CONVENTION TYPES IN OUR DATASET.

Case Convention Count Percentage Example
Snake Case 477 69.03% pick_top_n
Lowercase 146 21.13%  forward
Camel Case 33 478%  plotData
Pascal Case 12 1.74% HalfPlus
Screaming Case 17 2.46%  SVD
Mixed Case 6 0.87% Read_File

RQ1 Summary. Most practitioners adhere to Python’s PEP
8 convention for method naming, using snake_case for
multi-term names and lowercase for single-term names.
Typically, method names consist of two terms (48.77%),
with the median length also being two terms.

RQ2: What are the predominant grammatical patterns in
method names within Jupyter Notebooks?

In this RQ, we report on the grammatical patterns observed
while manually analyzing method names. We begin by briefly
discussing the volume of unique grammatical patterns, then
focusing on the most frequently occurring patterns, and finally
highlighting some notable patterns.

Our analysis identifies a total of 68 unique grammar pat-
terns. Among these, 384 instances (55.57%) begin with a verb
(e.g., compute_series), while 271 instances (39.22%)
begin with a noun or noun modifier (e.g., triplet_acc).
Additionally, 36 instances (5.21%) start with another part-of-
speech tag, such as a preposition (e.g., on_epoch_end).

Given that verb-initial patterns form the majority and are
widely recommended in method naming conventions, we
conducted a deeper analysis of these patterns. We observe
23 unique patterns where the verb is immediately followed
by either a noun or a sequence of noun modifiers leading
to a noun or plural noun (i.e., V NM* (N|NPL)). These
23 patterns account for 325 instances (i.e., there are 325
method names that follow this naming pattern). For example,
the method name get_year follows a V N pattern, while
create_data_model follows a V NM N pattern. Addi-
tionally, through rarely occurring, there are instances where the
verb is followed by a determiner, preposition, and conjunction,
each occurring only twice in the dataset.

Additionally, we manually examined a subset of 248 meth-
ods to understand their typical usage in notebooks, utilizing
a 95% confidence level and a 5% margin of error. The
methods were categorized based on how their return values
were utilized: 122 methods (49.19%) had their return values
assigned to a variable (e.g., ‘factor = get_factor()*), while 32
methods (12.9%) used return values in expressions (e.g., ‘sum
= get_total() + calc_tax()‘). There were five methods (2.02%)
that were used in both ways, and 55 methods (22.18%) had no
return values. Additionally, 88 methods (35.89%) were either
unused or called without saving their results.

1) Frequent Grammar Patterns:

Next, we report on the common grammar patterns that appear
frequently in our dataset. Table II presents the six most
prevalent grammar patterns found in method names, which
we discuss in detail below. The complete list of identified
grammar patterns is available in our artifact package.

We first elaborate on the grammar patterns starting with a
verb and then those starting with a noun.

V N, VNPL, and V NM N are known as verb phrases,
where the verb is being applied to the noun that follows. In
these patterns, the verb represents the action being performed,
while the subsequent noun (with optional modifiers) represents
the object receiving that action.

In our dataset, V N is the most common grammar pattern
with 135 occurrences. An example of the grammar pattern is
process_image, where ‘process’ is the verb of the method
and ‘image’ is the noun that the verb is being applied to.
Specifically, the purpose of this method is to scale, crop, and
normalize the provided image. Examining our dataset, we also
observe other derivatives of this pattern, such as a prepositional
phrase (P NM* (N|NPL)) with a leading verb. By adding the
prepositional phrase, the names provide more context as to
the purpose and result of the function. For example, consider
the method write_df_to_s3, which follows a V N P N
pattern. Here, ‘write’ is the action performed on the noun ‘df’
(dataframe), and the prepositional phrase ‘to_s3’ indicates the
action’s destination. This context clarifies what the method
does (writes a dataframe) and where the result is stored (S3).

The fourth and fifth most common patterns are V. NPL
and V NM N with 65 and 64 instances, respectively. V
NPL is a verb phrase pattern where an action (i.e., verb) is
being applied to multiple objects (i.e., the plural noun that
follows). An examination of methods in our dataset following
this grammar pattern shows that these methods are often used
to retrieve information and would be expected to return an
array or collection of items. For example, as per the markdown
cell contents, the method get_batches “returns batches of
input and target data for our model.”

The grammar pattern V NM N is a verb phrase pattern with
a verb being applied to a noun that has a noun modifier. The
noun modifier adds specificity to the noun, making it clearer
what type of object the noun is that this action is being applied
to. One instance of this is find_true_label, where the
term ‘find’ is the verb, ‘true’ is the noun modifier, and ‘label’ is
the noun. This grammar pattern allows for methods to commu-
nicate their function with more specificity while maintaining
a clear action-object relationship. The inclusion of the noun
modifier not only indicates the action being performed and
the object involved but also specifies the particular type or
variation of that object.

V is a verb sequence pattern, which is defined as one or
more verbs with no noun phrase. In our dataset, we have
48 instances of method names that are composed of only a
single verb. Typically, these names are generic and provide less
semantic information about their specific functionality com-
pared to verb-noun patterns. For example, the method clean



TABLE II
THE TOP SIX FREQUENTLY OCCURRING GRAMMAR PATTERNS FOR METHOD NAMES.

Grammar Pattern  Phrase Type Count  Percentage Example

VN Verb Phrase 135 19.549 ~Drocess_mege o iy , o
‘process’ (vberb) an image (noun) by resizing, cropping, and normalizing it.
timer

N Noun Phrase 88 12.74% ‘timer’ (noun) prints the execution time of code blocks.
neural_net

NM N Noun Phrase 72 10.42%  the method creates and configures a neural network; ‘net’ is a noun and ‘neural’
is an adjective describing the type of network.
load_images

V NPL Verb Phrase 65 9-41% ‘load’ (verb) ‘images’ (plural noun) from a directory into a list.
parse_csv_row

VNMN Verb Phrase 64 9.26% ‘parse’ (verb) a ‘csv’ (noun modifier) ‘row’ (noun) into a dictionary of features.

v Verb Sequence 48 6.94% normalize

‘normalize’ (verb) data by scaling its values.

indicates an action but does not specify what is being cleaned.
It is only once we examine the method body that we are
made aware that the method cleans textual data by removing
stopwords, punctuations, and other related tasks. In contrast,
our dataset also contains a method named clean_text,
which performs similar actions as clean, but has a more
descriptive name that conveys both the action and its target
object. While single-verb names are concise and emphasize
the action being performed, they can also potentially lead
to ambiguity and increased cognitive load, impeding code
comprehension and maintenance activities [5], [13], [44].

N is a noun phrase pattern where methods contain a single
noun term, without any adjectives or noun modifiers. These
method names are typically either generic or require domain
knowledge to understand their functionality. In our dataset,
we observed 88 instances (12.74%) of this pattern, making
it the second most common pattern overall. These names
often fail to provide sufficient context to understand their
function or return type without examining the implementation
or documentation. For example, the method name model, is
unclear on the type of model that this function is referring
to or the action associated with the model. However, upon
examination of the method body, it becomes clear that the
method creates and returns a Keras model instance based
on the inputs. Additionally, falling under this pattern are
method names composed of a single character (e.g., £) and
names that correspond to abbreviations (e.g., mse for mean
squared error) and acronyms (e.g., vol for volume). The
widespread use of this naming pattern in our dataset highlights
a common yet problematic practice among practitioners, who
often rely on implicit context or surrounding documentation
rather than explicitly defining a method’s purpose through its
name. This ambiguity can hinder code comprehension and
maintenance, especially in machine learning notebooks where
various models and data structures may coexist.

NM N is a noun phrase pattern where a noun modifier
is added to further describe the head noun. In our dataset,
this pattern appears 72 times (10.42%), making it the third
most common pattern. This structure allows specialization of

the noun and can provide more context, improving to the
understandability of the method’s purpose. An example of this
is author_url where ‘url’ is the head noun and ‘author’ is
the descriptive modifier, indicating that the URL specifically
applies to an author. However, while this pattern is more
descriptive than single-noun patterns, it still lacks explicit
action information. For instance, author_url does not
indicate the action performed on the author’s URL. Examining
the method body, we observe that the purpose of this method is
to dynamically create and return a URL. The prevalence of this
pattern in our dataset suggests that practitioners value speci-
ficity in method names, even without explicit verbs. However,
this pattern still relies on implicit context or documentation to
convey the method’s actual behavior.

2) Other Notable Patterns:
In our examination of the 68 unique patterns, we observed
several patterns that, although less frequent, provide insights
into method naming practices in Jupyter Notebooks.

Unconventional Word Order. We observed 8 instances
where the order of the grammar pattern in method names
deviated from conventional syntax. These include 5 instances
of N NM and 3 instances of N NM NM. For example,
the method reg_non_param performs a non-parametric
regression, and has “Non-parametric regression” noted within
a markdown cell above the method. However, the method
name follows an N NM NM pattern, placing the noun (‘reg’)
before the noun modifiers (‘non’ and ‘param’). This is atypical,
as common code convention recommends that noun modifiers
should precede the noun to align with natural language order
[29], such as “non_param_reg.” Reversing the order has the
potential to obscure the method’s intended purpose, as readers
expect modifiers to qualify the head noun that follows it.

Verb Terminating Patterns. Similar to the above, another
notable category is patterns that end with a verb (e.g., N
V, V V), accounting for 32 instances in our dataset. From
these, 20 instances fall under N V, while four instances
fall under V V and three under VM V. For example, the
method prediction_run follows the N V pattern, where
the noun precedes the action being performed on it, in contrast
to the more common verb phrase pattern. When examining



the implementation, we found that this method generates a
sequence of predictions based on an RNN model. A name
following the verb phrase pattern, such as “run_prediction”
or “generate_predictions”, would better align with standard
naming practices while maintaining semantic clarity. An ex-
ample of the V V pattern is combine_select, where
combined data is retrieved. This composition of two verbs
has the potential to result in ambiguity about the order of
operations. Lastly, maybe_download is an example of the
VM V pattern where the methods’ purpose is to “download a
file if not present.” Here, the verb modifier ‘maybe’ indicates
the conditional nature of the download operation.

Preposition Patterns. Another category is the patterns that
contain prepositions. Prepositions often provide specificity into
how the verb and noun phrases relate to each other. Among the
46 instances of patterns with prepositions, the most common
term used is ‘to, which appears 18 times. The preposition
‘to’ is often used in method names that convert one object
into another format or type. These typically begin with a verb
or noun phrase followed by a prepositional phrase, such as
N P Nor VN P N. In these cases, the noun before the
preposition indicates the starting format, and the noun fol-
lowing the preposition specifies the target type. For example,
in the method unicode_to_ascii, the preposition ‘to’
indicates that Unicode text is converted to ASCII text. The
second-most common preposition is ‘from,” which accounts
for 13 instances. This preposition is most associated with
methods that obtain or extract information. An example of this
usage is get_face_embeddings_from_image, where
the preposition ‘from’ notes the source (i.e., an image) from
which the information (face embeddings) is being extracted.

Conjunction Patterns. Grammar patterns containing con-
junctions are another notable pattern, where they are often
used to link two phrases or terms together. There are a
total of nine method names that contain conjunctions, with
the most common conjunction being ‘and’ appearing five
times. In some cases, ‘and’ is used to indicate that the
methods perform two operations. For example, in the method
generate_and_save_images, the method generates and
subsequently saves the generated images, denoting a sequence
of operations. In other instances, conjunctions link terms of
data that are returned. For instance, AgeAndRHR returns the
age and resting heart rate of a subject.

Method Returns. Our dataset contains 533 methods with
return statements. From this, 267 (50.1%) method names do
not start with a verb. The two most common non-verb starting
grammar patterns are N and NM N, with return statements
appearing 75 and 58 times, respectively. These patterns often
name methods after their return value rather than their action.
For example, the method accuracy uses a single noun that
represents its return value, calculates and returns the “% of
values that were correctly predicted.” Additionally, we noted
another pattern related to method returns: method names that
end with a verb but do not start with one. There are 20
instances of this pattern, such as N V, which occur 16 times.
An example of this pattern is gamesearch (), which we

discuss in Section I.
3) Ambiguous Parts-of-Speech:

Ambiguity in the part-of-speech tag of a method name is
common, especially in single-term method names. This par-
ticularly occurs with terms that can function as either nouns
or verbs, often requiring examination of the code context
and surrounding markdown cells to understand their intended
grammatical role. For example, the method name square
is vague in its function. The term ‘square’ can either be a
noun, referring to a geometric shape, or a verb, indicating the
action of mathematically squaring a value. In this case, the
method has the latter functionality, which we identified by
examining the implementation. Similarly, the method name
fit can either be a noun referring to a statistical fit of the
data or a verb indicating that the method fits a model to the
data. The comment within the method indicates that it is the
latter, confirming its use as a verb. These polysemous names
make it harder to understand the purpose of a method [45].

RQ2 Summary. Despite representing a majority, only
55.57% of method names adhere to the conventional prac-
tice of beginning with verbs. Meanwhile, 39.22% start with
nouns or noun modifiers, indicating widespread deviation
from established naming practices. The most prevalent
pattern was verb-noun (V N) at 19.54%, followed by single
nouns (N) at 12.74%. The high frequency of non-verb-
initial patterns, particularly in methods with return values
(50.1%), suggests a tendency to name methods based on
their output rather than their action. Notable issues include
ambiguous single-term names, reversed word orders, and
unconventional patterns like methods ending with verbs,
which can impact code comprehension.

. J

RQ3: What are the patterns and prevalence of abbreviations
and acronyms in method names within Jupyter Notebooks?

The goal of this RQ is to explore the occurrence of abbrevi-
ations and acronyms in method names and broadly understand
the different types of categories that these terms can represent
and the extent to which their expansions are readily available.

In total, 210 (or 30.39%) method names include ab-
breviations or acronyms, with 19 of those names con-
taining more than one abbreviation or acronym (e.g.,
read_gaia_psf_sdss). From these 210 method names,
we identified 230 abbreviations or acronyms. An analysis of
these terms reveals the following nine high-level categories
which they fall into:

o Mathematics and Statistics is the dominant category,
comprising 67 abbreviations and acronyms. Within this
category are error metrics such as mean squared error
(‘mse’), statistical measures like correlation (‘corr’), and
mathematical operations such as cosine (‘cos’).

o Image Processing terms occur 26 times, with the most
common terms being abbreviations of image (‘img’ and
‘fig’). Other terms within this category include specialized
image algorithms/techniques, such as point spread function
(‘psf’) and histogram of gradients (‘hog’).



o Programming-related terms account for 21 abbreviations
and acronyms. A notable pattern is using abbreviations and
acronyms for the term function (e.g., ‘func,” ‘fn,” and ‘f’)
in the method name, such as in model_rnn_ fn, creating
redundancy in naming conventions.

« Machine Learning and Al terms occur 20 times and repre-
sent algorithms such as support vector machine (‘svm’) and
k-nearest neighbors (‘knn’), neural network architectures,
such as recurrent neural network (‘rnn’), and deep convo-
lutional generative adversarial network (‘dcgan’). Addition-
ally, this category also includes terms related to training-
related operations, such as learning rate (‘Ir’).

« Data Structure terms account for 15 instances and repre-
sent structures, such as arrays (‘arr’), dictionaries (‘dict’),
and dataframes (‘df”). Also included are terms that represent
both data structure and file types, such as extensible markup
language (‘xml’) and comma separated value (‘csv’).

« Database and Services terms constitute 12 entries and rep-
resent external datasets such as the internet movie database
(‘imbd’), comparative toxicogenomics database (‘ctd’), and
storage services like Amazon Simple Storage Service (‘s3’).

o Action Verbs are an interesting category as they represent
the use of abbreviations to describe the behavior or purpose
of the method and typically appear at the beginning of
the name. We encounter 14 instances in our dataset. For
example, in the method name ' calc_harmonics’, the
abbreviation ‘calc’ expands to calculate. Other examples in-
clude ‘inc’ (increase), ‘dec’ (decrease), and ‘gen’ (generate).

« Domain Specific terms are terms unique to specific scien-
tific or technical fields associated with the notebook they are
found in, and they account for 14 occurrences in our dataset.
For example, ‘sdss’ is an abbreviation for Sloan Digital Sky
Survey, which is related to the domains of astronomy and
astrophysics, while ‘pcr’ (polymerase chain reaction) is part
of the molecular biology field.

o Other represents 41 abbreviations and acronyms and rep-
resents a collection of terms that do not fit into any of the
other categories. These terms include common abbreviations
such as ‘info’ (information) and ‘id’ (identification) and
others that might not be so straightforward, like the method
name ran_check, where ‘ran’ expands to the range or
the method name tz_NYC, where the two terms expand to
timezone and New York City, respectively.

As part of our analysis of abbreviations and acronyms,
we examined the extent to which these shortened terms are
defined. For each identified abbreviation or acronym, we
manually analyzed the notebook to locate the presence of its
expansion. We envision that by knowing the typical locations
of expansions, tools can be more accurate and efficient in
expanding abbreviations, thereby improving developer com-
prehension. The distribution of locations is as follows:

o Markdown Cell - These are formatted text sections in
Jupyter notebooks that use Markdown for documentation.
These cells contain definitions for 82 abbreviations and
acronyms. For example, the markdown cell above the code
cell containing the method compute_series_cy has

the text “Now let’s implement a Cython version,” which
provides the expansion for ‘cy’ as Cython.

Code Comment - Our analysis identified 31 instances of
abbreviation and acronym expansions in code comments,
occurring either as inline comments or docstring comments.
For example, the expansion of ‘lr’ in the method name
1r_schedule can be inferred from the inline comment “#
Define a learning rate schedule.” Unlike content in mark-
down cells, these comments can provide a more immediate
definition of the shortened terms.

Code Context - Another technique to infer the expansion of
abbreviations and acronyms is examining surrounding code
elements. This inference can be achieved using contextual
clues embedded within the method implementation, such
as parameter and variable names and their assignments,
method calls, and arguments passed in these calls. For
example, consider the partial code snippet in Listing 3. The
expansion of ‘cm’ in the method name plot_cm can be in-
ferred through multiple contextual elements: (1) the default
value of the t it 1e parameter (i.e., ‘Confusion Matrix’) and
(2) the name of the method call confusion_matrix. We
identified 23 expansions using this technique.

External Sources - We encountered 94 instances where
acronyms and abbreviations could not be expanded solely
on the notebook’s content. These shortened terms gener-
ally fell into two categories: common computing terms,
such as ‘json’ (JavaScript Object Notation), or domain-
specific terms, such as ‘slam’ (simultaneous localization and
mapping). While common acronyms and abbreviations are
less challenging to expand, domain-specific terms present
a greater challenge, requiring specialized technical docu-
mentation or domain-specific resources. This pattern reflects
an assumption that notebook readers are domain experts
who would recognize these shortened terms. However, this
assumption creates potential barriers for novices, interdis-
ciplinary researchers, or maintainers from different back-
grounds. For this study, we utilized internet search engines
to identify expansions for the domain-specific terms.

def plot_cm(y_true, y_pred, title=’"Confusion

Matrix’, cmap=plt.cm.Blues):
sns.set_style('white’)

cm = confusion_matrix(y_test, y_pred)
# Additional implementation...

Listing 3. Inferring acronym expansion through surrounding code.

RQ3 Summary. Approximately 30% of method names in |
notebooks contain abbreviations and/or acronyms in their

names. These shortened terms fall into categories such as

mathematics and statistics, image processing, programming,

and artificial intelligence. While expansions can be found in

markdown cells, code comments, and surrounding code ele-

ments, most abbreviations and acronyms require specialized

knowledge to interpret, indicating that practitioners often

assume readers possess domain expertise.




V. DISCUSSION

The study reveals the unique characteristics of method
names in Jupyter Notebooks and their impacts on compre-
hensibility. This section contrasts our results with those from
related studies and discusses the implications of our findings.

A. Prior Work Comparison

As reported in Section II, this study is the first to examine

the structure of method names within Jupyter Notebooks. As
part of our discussion, we compare our findings against related
research on naming in traditional software development.
1) Name Conciseness: Our findings from RQI indicate that
method names in Jupyter Notebooks are generally short, with
the median number of words in a name being two. While
shorter names can result in more concise code, previous
research on identifier naming suggests that shorter identifiers
are less effective for code comprehension when compared to
longer, more descriptive compound names [13], [46], [47]. Ad-
ditionally, a survey of 1,152 professional developers conducted
by Alsuhaibani et al. [10] shows that developers prefer method
names consisting of a median of five words.
2) Grammar Patterns: To compare the grammar patterns
identified in RQ2, we analyze the dataset produced by New-
man et al. [29], which contains human-annotated grammar
patterns from 267 method names across Java, C#, C++,
and C open-source systems. While Newman et al. identified
96 unique grammar patterns from their 267 methods, our
analysis yielded 68 unique patterns from a larger sample of
691 methods. Our dataset shows higher concentration in top
patterns, while their distribution is more evenly spread across
various pattern types. These differences in pattern diversity,
despite our larger sample size, suggest varying preferences
in naming across different programming contexts. Below, we
present some notable differences and similarities:

o Most Frequent Patterns: Their dataset shows V NM N as
the dominant pattern (17.23%), while ours is V-N (19.54%).

o Pattern Complexity: There are more varying and complex
patterns with longer chains of parts of speech in their dataset
(e.2., NV PV VM DT NPL). In contrast, our patterns
typically maintain simpler structures.

o Preamble Usage: A notable difference is the occurrence of
the preamble (PRE) tag in their dataset (e.g., PRE V NM
N), of which we have none.

o Single Noun Pattern: Another difference is that single
noun (N) patterns are much more common in our dataset
(12.74%) than theirs (1.12%).

e Noun-Verb Patterns: While both datasets contain patterns
of a verb following a noun (N V), the implementation
differs: (1) this pattern in our dataset occurs at 2.89%, while
in their dataset it is at 1.87% and (2) their dataset includes
more complex variations of this pattern (e.g., NM NM N
V, PRE NM N V).

o Verb Modifier Usage: Both datasets have instances of the
verb modifier tag (VM), but in our method names, it appears
at the beginning, whereas in their dataset, it appears within
the name (e.g., V VM N).

3) Abbreviation & Acronym Expansion: Our findings on
abbreviation and acronym expansion share similarities with a
study by Newman et al. [35] on abbreviations in Java, C, and
C++ systems. They identified multiple sources for locating
abbreviation expansions: source code, comments, language
documentation, project documentation, and dictionaries. While
the general categories of sources overlap, the notebook envi-
ronment differs significantly from traditional software systems,
where documentation is spread across multiple files (API
docs, README files, etc.). In contrast, notebooks are self-
contained and use markdown cells for documentation, meaning
that abbreviations and their meanings are usually understood
within the context of a single notebook, unlike in separate
documents. Further, Newman et al. rely on computer science
and English dictionaries to expand abbreviations. While these
sources will be useful for notebook environments, they are un-
likely to include domain-specific abbreviations and acronyms,
highlighting a unique challenge in expanding shortened terms
within the scientific computing context.

B. Implications

Our findings have several important implications:

1) Extending the Catalog of Linguistic Antipatterns: While
analyzing grammar patterns and identifying deviations, we
also encountered various naming violations referred to as lin-
guistic antipatterns [25]. Although this was not the primary fo-
cus of our study, we share some of our observations. For exam-
ple, the method get_prediction lacks a return statement,
which classifies it as a linguistic antipattern known as “get
method does not return.” Likewise, the method get_target
returns a list (i.e., return list (target_words)), yet
the term ‘target’ is singular, despite the method returning a col-
lection; this represents the “expecting but not getting a single
instance” antipattern. A more appropriate name for this method
would be ‘get_target_words.” In addition to these established
linguistic antipatterns, we also identified potentially new ones,
expanding upon the original catalog. Specifically:

o Consider the method play_separated_track that re-
turns an array. Although the name follows the standard
method grammar pattern (i.e., verb phrase), the verb ‘play’
suggests an action of audio playback rather than a data
retrieval operation. This creates a linguistic antipattern we
classify as ‘‘Non-retrieval Action Verb Returns Data.” This
type of antipattern obscures the method’s data-returning
nature, potentially creating misleading expectations.

o Consider the method perform_testing that evaluates
a neural network on a test dataset. Although the name
adheres to the verb phrase pattern, the term ‘testing’ creates
ambiguity in the machine learning context as the term is
overloaded between software testing and model evaluation.
In contrast, the method test_train tests the correctness
of the training process as part of software testing. However,
its name also has similar ambiguity due to combining
‘test’ and ‘train.” This represents a linguistic antipattern we
classify as “Term Has Competing Meanings,” and depending
on the domain context, could lead to significant confusion.



2) The Need for Code Readability Models for Scientific
Computing: Existing code readability models have been de-
veloped primarily for general-purpose software development
contexts, with most of them trained on Java code [48]-[51].
While these models are useful, they may not adequately
capture the unique characteristics of scientific code, especially
in notebook environments. Notebook code is typically less
complex, but more entangled than the code found in classical
programs [22]. In addition, the model’s features, such as line
length, indentation, and the presence of comments, while also
applicable to code in notebooks, are not sufficient. Jupyter
Notebooks contain not only code but also markdown and
output cells, which are not considered in these models, which
typically evaluate code in isolation, focusing on line-by-line
readability. This technique might not be effective in a notebook
environment due to the contextual information provided by
the surrounding markdown cells [14]. For example, our RQ
3 findings show that markdown cells can be a source for ex-
panding abbreviations and acronyms found in method names.
Further, the high prevalence of domain-specific terminology,
mathematical notation, and other specialized abbreviations
and acronyms in notebooks becomes challenging for models
that rely on dictionary terms unless they are fine-tuned with
relevant datasets that include such terms. For example, in the
method name apply_sobel, the term ‘Sobel’ is neither an
acronym nor abbreviation but refers to the “Sobel operator,” a
technique used in image processing and computer vision. Like-
wise, the digit ‘2’ in the name custom_£2 refers to a specific
variant of the F-score metric in machine learning rather than
serving as a counter or index. Such examples highlight the
need for contextual understanding when interpreting domain-
specific terminology in technical fields.

3) Educational Resources for Improving Scientific Code
Readability: Our findings reveal numerous deviations from
traditional naming practices in scientific code, highlighting a
gap between software engineering and scientific programming
best practices. This presents an opportunity to develop tar-
geted educational resources for scientific programmers, who
often lack formal computer science training and primarily
use notebooks for rapid prototyping and interactive data ex-
ploration [15], [17]. While our findings emphasize the need
for educating scientific programmers on the need and types
of high-quality naming patterns, the training should also
extend to other areas of code quality that typically impact
notebooks [22]. Further, even though our study focused on
method naming patterns, we observed that markdown cells
play an important role in code comprehension. These cells
often contain essential context for domain and scientific con-
cepts and implementation choices, showing the importance
of educational resources that focus on both code quality and
effective documentation practices.

VI. THREATS TO VALIDITY

In this exploratory study, we analyzed a statistically sig-
nificant random sample of notebooks taken from a published
dataset consisting of 847,881 notebooks [22] that have been

utilized in prior research [36], [37]. However, this introduces
a threat to the generalizability of our results, as the dataset
is restricted to Python-based Jupyter Notebooks from GitHub
public repositories, which may not represent naming practices
in private repositories, other notebook environments,or note-
books written in other programming languages. Additionally,
while our random sampling approach ensures statistical sig-
nificance, it may have inadvertently excluded notebooks that
could provide valuable insights into naming practices.

Our manual annotation process introduces potential threats
through subjective interpretations in assigning part-of-speech
tags and identifying abbreviations and acronyms, as well
as possible bias during disagreement resolution discussions.
Since annotations were performed by the authors rather than
independent domain experts, there is also a risk of confir-
mation bias. To mitigate these threats, we (1) required each
method name to be independently annotated by different
annotators, (2) cross-validated all annotations, (3) provided
annotators with access to each notebook, and (4) established
annotation guidelines and examples. However, it is possible
that multiple valid grammatical interpretations of the same
method name may exist, which can arise when the program-
mer’s intended interpretation differs from the name’s structural
composition. Lastly, our research scope may not capture all
aspects of method naming practices. The grammar pattern
analysis primarily focused on syntactic structure rather than
complete semantics and may overlook some domain-specific
conventions. Likewise, our classification of abbreviations and
acronyms might not cover all areas of scientific computing.

VII. CONCLUSION & FUTURE WORK

Methods are fundamental programming components that
require appropriate naming to convey their purpose. This
exploratory study provides the first systematic analysis of
method naming practices in Jupyter Notebooks, where we
analyze 691 method names across 384 notebooks.

Our key findings reveal that while scientific programmers
generally follow Python’s naming style conventions, they
often deviate from established method naming best practices.
Only 55.57% of names begin with verbs, and names tend
to be shorter than in traditional software development, with
48.77% containing just two terms. Further, 30.39% of method
names include abbreviations or acronyms, related to areas such
as mathematics or statistics, image processing, and artificial
intelligence, among others. We envision our findings facili-
tating the improvement of code quality tools for the scientific
domain, developing educational resources tailored to scientific
programmers, and furthering research in this area.

Our future work will focus on validating these results
through user studies with notebook practitioners. Through
surveys and interviews, we aim to understand practitioners’
rationale behind naming choices and explore how naming
patterns impact code comprehension.
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