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Abstract
Data persistence libraries play a central role in the Android ecosys-
tem, where maintainability and performance are critical concerns.
However, their internal complexity can hinder both. In this work,
we investigate the prevalence and evolution of “Atoms of Confusion”
(ACs), the smallest pieces of code that can induce misinterpretation
by developers, in SQLite, Realm, ObjectBox, and Room. We also
explore their performance impact to determine whether they are
conscious optimizations or merely coding habits. Our findings re-
veal a clear dichotomy. Modern Java-based implementations exhibit
lower prevalence rates (20%) and tend to encapsulate confusing
constructs, whereas SQLite’s native core shows widespread con-
tamination, affecting approximately 70% of files, predominantly
due to Omitted Curly Braces. An analysis of SQLite’s evolution
over a decade (2015–2025) aligns with Lehman’s Law of Increasing
Complexity, showing a strong correlation between software growth
and the presence of ACs. Finally, our performance analysis in C++
indicates that most patterns provide only marginal gains, with Post-
Increment being the only case that consistently outperforms its
refactored counterpart.
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1 Introduction
In recent years, mobile devices have become an integral aspect
of everyday life. The widespread use of smartphones, tablets, and
other connected devices has transformed how individuals, busi-
nesses, and governments produce and consume data. In 2025, Brazil
surpassed 502 million active digital devices, averaging more than
two devices per inhabitant [5]. In this scenario, Android stands out
as the dominant mobile platform, accounting for over 75% of the
global market [17]. Its open-source nature and broad adoption have
established it not only as a platform for application consumption
but also as a key environment for technological innovation.

The ubiquity of mobile applications demands robust and main-
tainable software infrastructure, particularly in data persistence
libraries that support the Android ecosystem. However, the inter-
nal complexity of such libraries poses challenges to a fundamental
activity in software maintenance: code comprehension. Large-scale
studies with professionals indicate that developers spend about 58%
of their time reading and understanding existing code rather than
implementing new functionality [21]. In this context, the concept
of “Atoms of Confusion” (ACs) becomes particularly relevant.

Originally proposed by Gopstein et al. [7], an AC is a syntacti-
cally valid code pattern that, while functionally correct, can induce

misinterpretations due to its unintuitive structure, introducing dif-
ficulties in understanding the code. The concept emerged from a
systematic analysis of intentionally obfuscated code, specifically the
winning entries from the International Obfuscated C Code Contest
(IOCCC)1. In their seminal study [7], the authors broke down these
programs until they isolated the smallest fragments responsible
for causing confusion. Those that could be rewritten into clearer,
semantically equivalent forms were classified as ACs.

Listings 1 and 2 present two equivalent code snippets: one con-
taining an AC, extracted from Realm 2; and another in a refactored,
clearer form. The AC is located in the conditional expression of
Listing 1, where the use of the Conditional Operator combines a
null check with a negated equality comparison in a single statement.
This structure influences comprehension by forcing the reader to
simultaneously evaluate multiple conditions, namely whether name
is null, whether it is equal to simple.name, and the effect of the
negation. In the clean snippet, shown in Listing 2, the logic is decom-
posed into an explicit if/else structure. This eliminates the risk
of confusion by separating each condition into distinct branches.

Listing 1: Confusing code containing an AC.
1 name != null ? !name.equals(simple.name) :

simple.name != null

Listing 2: Equivalent code without an AC.
1 if (name != null) {
2 return !name.equals(simple.name);
3 } else {
4 return simple.name != null;
5 }

Although both versions are syntactically correct and semanti-
cally equivalent, their difference lies in the likelihood of human
misinterpretation. While such subtle differences may seem insignif-
icant at first glance, they caused bugs in the past [15, 20], such
as the Apple “goto fail”, an error in which Omitted Curly Braces
and a mismatched indentation compromised network connections
in iOS [2]. In addition to their impact on human cognition, a re-
cent study showed how Large Language Models (LLMs) respond to
these patterns [1]. Evidence suggests that code regions containing
ACs exhibit higher model uncertainty during processing, which
correlates with human neurophysiological responses associated
with confusion in code comprehension tasks. Results suggest an
alignment between difficulties faced by humans and LLMs.

Several studies have proposed taxonomies and tools capable of
locating ACs in large-scale codebases, linking them to software

1https://www.ioccc.org/
2https://github.com/realm/realm-java
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quality metrics and the occurrence of defects [10–12, 20]. In the
mobile ecosystem, previous research used these kinds of tools to ex-
amine ACs occurrence and their impact within general application
logic, frequently limiting the analysis to a single programming lan-
guage (e.g., Java, Swift) [3, 4, 18, 19]. In this work, we address these
limitations by focusing on a more specialized and critical aspect,
i.e., data persistence, and by adopting a multilingual perspective
that includes code written in Java and C/C++.

Within this domain, data persistence mechanisms, especially
those based on embedded databases and Object Relational Mappers
(ORMs), introduce additional layers of abstraction and performance-
oriented design decisions. These characteristics may encourage the
use of compact or non-intuitive constructs, potentially shaping
how ACs appear and evolve over time. This context motivates
the following research question: What is the phenomenon of
prevalence and persistence of ACs in the data persistence
domain in Android code written in Java and C/C++?

With this question in mind, we carried out three complementary
studies. First, Study 1 characterizes the prevalence of ACs across
four Android data persistence libraries through automated analysis.
Subsequently, Study 2 examines the evolution of these constructs
over a decade within a representative library from the initial set.
Finally, Study 3 assesses the performance implications of the most
frequent patterns identified in Study 2.

The remainder of this paper is organized as follows. Section 2
presents the methodology, including the research design, data col-
lection, and evaluation metrics. Section 3 describes Study 1, which
analyzes the prevalence and distribution of ACs across the selected
libraries. Section 4 investigates the evolution of these patterns over
time, focusing on SQLite. Section 5 evaluates their impact on perfor-
mance through controlled micro-benchmarks. Section 6 discusses
the results in relation to the research questions. Finally, Section 7
concludes the paper and highlights directions for future work.

2 Methodology
Our work goal is to analyze the prevalence, evolution, and per-
formance implications of ACs in data persistence libraries used in
Android: Room3, Realm4, ObjectBox5, and SQLite6. We seek to iden-
tify trends, patterns, and assess their impact on code maintainability
and efficiency. For that, we defined three research questions:

• RQ1 - What is the prevalence and distribution of atoms of
confusion in major Android data persistence libraries?

• RQ2 - How does the occurrence of ACs evolve over time in
one of these libraries?

• RQ3 - What is the impact of ACs on software performance?

2.1 Library Selection
The selection of persistence libraries followed criteria commonly
adopted in empirical studies on software repositories. As discussed
by Kalliamvakou et al. [9], explicit selection criteria are necessary
when mining platforms such as GitHub to avoid biases related

3https://github.com/androidx/androidx
4https://github.com/realm/realm-java
5https://github.com/objectbox/objectbox-java
6https://github.com/sqlite/sqlite

to inactive, experimental, or non-representative projects, thereby
preserving the external validity of the results.

Based on these guidelines, the following criteria were applied: (i)
widespread adoption in Android projects, indicated by metrics such
as stars, downloads, and usage in public repositories; (ii) project
maturity, reflected by a history of releases and active maintenance;
(iii) availability of open-source code and documentation, ensuring
reproducibility; (iv) relevance in academic or technical contexts; (v)
coverage of different persistence paradigms, including relational
and object-oriented approaches; and (vi) predominance of Java
and/or C/C++ code.

Four libraries were selected, representing established solutions
for data persistence in the Android ecosystem: (I) Room is the
official persistence library provided byGoogle as part of Android Jet-
pack. It offers an abstraction layer over SQLite, including annotation-
basedmapping, compile-time query validation, and integrationwith
modern Android architectures [6]. Its widespread adoption and ac-
tive maintenance make it representative of current development
practices; (II) Realm is an object-oriented database designed for
mobile. It abstracts persistence without requiring direct SQL us-
age and has a long development history, making it suitable for
analyzing code evolution over time [13]; (III) ObjectBox is a high-
performance database optimized for embedded and mobile applica-
tions. Its design emphasizes efficiency and simplicity, providing an
opportunity to observe how ACs appear in performance-oriented
codebases [14]; and (IV) SQLite, although not exclusive to Android,
is the underlying persistence mechanism of the platform [16]. Its
inclusion allows the analysis of ACs in a mature, low-level system
where performance constraints are critical.

2.2 Data Collection
Data collection was conducted in two main stages: (i) ACs auto-
mated detection in the selected libraries and (ii) mining of their
development history. This process supports both the prevalence
(RQ1) and evolution analysis (RQ2).

2.2.1 Tools. ACs were identified using two complementary tools.
For Java, we used BOHR7, proposed by Mendes et al. [12], which
detects instances of ACs based on the taxonomy introduced by
Langhout et al. [10]. BOHR has been empirically validated and
adopted in Java studies, providing adequate precision and consis-
tency for large-scale analyses. For components implemented in
C/C++, particularly in SQLite, we used AtomFinder8, a tool de-
signed to detect ACs in languages of the C family [8]. Since the
original definition of ACs was derived from C-based programs,
AtomFinder ensures consistency when analyzing low-level code
not covered by BOHR.

Both tools have known limitations. BOHR is restricted to Java
and does not analyze Kotlin or native code. AtomFinder may miss
patterns in complex macro expansions or edge cases related to pars-
ing. Additionally, both approaches are subject to false positives and
false negatives inherent to automated detection. These limitations
are considered when interpreting the results.

7https://github.com/wendellmfm/bohr
8https://github.com/dgopstein/atom-finder

https://github.com/androidx/androidx
https://github.com/realm/realm-java
https://github.com/objectbox/objectbox-java
https://github.com/sqlite/sqlite
https://github.com/wendellmfm/bohr
https://github.com/dgopstein/atom-finder


Unveiling Confusion in Android Data Persistence Libraries SBES 2026, September 8–11, 2026, São Paulo, SP, Brazil

2.2.2 Repository Mining. The development history of each data
persistence library was obtained from its official Git repository.
The repositories were cloned locally, enabling access to their full
version history, including commits, tags, and directory structures.

For the prevalence analysis (RQ1), we considered the latest ver-
sion available in the main branch of each project. For the evolution
analysis (RQ2), we extracted all official releases identified through
version tags. Following the recommendations of [9], only tagged
and stable versions were included to avoid biases related to incom-
plete or experimental states on RQ2.

Relevant source files were identified based on language (Java and
C/C++) and project structure. To evaluate the holistic cognitive load
of the repositories’ maintenance perimeter, all analyzable source
code was included in the dataset. For each selected version, the
codebase was processed by the appropriate detection tool (BOHR
or AtomFinder), and the resulting data were stored for analysis.
Additional metrics, such as LOC, were extracted to support normal-
ization and comparative analysis across projects and versions.

2.3 Performance Benchmark
To investigate the ACs impact on software performance (RQ3), we
designed a controlled experiment based on micro-benchmarks. The
goal was to compare the execution behavior of code snippets con-
taining ACs with their semantically equivalent, refactored versions.

A benchmark suite was implemented in C/C++, consisting of
pairs of functions representing two variants of the same logic: (i) a
version containing a specific AC and (ii) a clean version without
it. The ACs selected correspond to the five most frequent patterns
identified in RQ2, ensuring that the experiment focuses on realis-
tic and representative cases. Each benchmark executes the same
workload under both variants, isolating the structural differences
introduced by the AC. The code was compiled using g++ with opti-
mization disabled (-O0), as recommended by Valgrind, preventing
the compiler from rewriting confusing constructs. This evaluation
is limited to C/C++ code. Evaluating Java was considered out of
scope, as it would require a different experimental design to con-
trol for JIT compilation, warm-up cycles and garbage collection
overheads. Consequently, to maintain consistency and isolation,
we focused solely on the most prevalent patterns found in SQLite.

Performance data were collected using two complementary tools.
The metrics were obtained using the Nanobench9 library, which
provides high-resolution timing and statistical summaries. Memory-
relatedmetrics were obtained using Valgrind10. An automated script
was used to run the benchmarks repeatedly and consolidate the
results into structured datasets for analysis.

2.4 Metrics
2.4.1 Prevalence Metrics (RQ1). To measure the ACs presence, we
use the absolute count (𝑁𝑎𝑐 ), defined as the total number of detected
ACs in a given project. This metric provides a direct view of how
frequently these patterns occur. To account for differences in code
size, we compute the number of lines of code (LOC), considering
only the files analyzed by the detection tools. Based on these values,

9https://github.com/martinus/nanobench
10https://valgrind.org/

we derive the density of ACs, expressed as the number of ACs per
thousand lines of code (KLOC):

𝐷𝑎𝑐 =
𝑁𝑎𝑐

𝐿𝑂𝐶
× 1000 (1)

This enables comparisons across libraries of different sizes. To
capture howACs are distributedwithin the system,we also compute
the average number of ACs per file:

𝜇𝑓 𝑖𝑙𝑒 =
𝑁𝑎𝑐

𝑁𝑓 𝑖𝑙𝑒

(2)

where 𝑁𝑓 𝑖𝑙𝑒 is the total number of analyzed files. Additionally,
we measure the propagation rate, defined as the percentage of files
containing at least one AC:

𝑅𝑝𝑟𝑜𝑝 =
𝑁𝑎𝑓 𝑓

𝑁𝑓 𝑖𝑙𝑒

× 100 (3)

where 𝑁𝑎𝑓 𝑓 is the number of affected files. This metric indicates
whether ACs are concentrated in specific components or spread
throughout the system.

Finally, we analyze the distribution by AC type, capturing the
relative frequency of each category.

2.4.2 Evolution Metrics (RQ2). To analyze the ACs evolution, we
track changes across consecutive project versions. The variation in
density is computed as:

Δ𝐷𝑎𝑐 = 𝐷𝑎𝑐 (𝑣𝑖 ) − 𝐷𝑎𝑐 (𝑣𝑖−1) (4)
and the absolute variation in the number of ACs is defined as:

Δ𝑁𝑎𝑐 = 𝑁𝑎𝑐 (𝑣𝑖 ) − 𝑁𝑎𝑐 (𝑣𝑖−1) (5)
These metrics allow us to identify whether ACs are being more

introduced, removed, or remain stable over time. In addition, we
monitor the evolution of 𝜇𝑓 𝑖𝑙𝑒 and 𝑅𝑝𝑟𝑜𝑝 to assess how the ACs
distribution changes across versions. Complementarily, we identify
hotspots, defined as files with the highest ACs concentration.

2.4.3 Performance Metrics (RQ3). To evaluate the ACs impact on
performance, we used metrics derived from micro-benchmark. Exe-
cution time is measured in nanoseconds per operation (ns/op) using
the Nanobench framework. This metric captures the average time
required to execute each code variant.

Furthermore, we analyzed instructions per cycle (IPC) to assess
how efficiently the CPU parallelizes instructions under each variant.

The impact on the memory was evaluated using Valgrind, with
CPU analyses isolated to avoid interference. We measured mem-
ory reads (Dr) and memory writes (Dw) to verify whether an AC
introduces unwanted stack or register overhead. Additionally, the
occurrence of first-level cache misses (D1mr and D1mw) was ob-
served to identify possible data access overheads or variations in
stack usage induced by the refactoring of atoms.

All performance metrics are collected over multiple independent
runs for each variant (e.g., 30 executions). To ensure data integrity,
executions presenting high measurement noise (e.g., error mar-
gins > 5%) are automatically rejected, and the aggregated values
(e.g., mean) of the stable runs are used for comparison between
implementations with and without ACs.

https://github.com/martinus/nanobench
https://valgrind.org/
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3 Study 1: Prevalence
This study investigates the prevalence and ACs distribution in the
selected data persistence libraries, addressing RQ1. The analysis
considers both Java and C/C++ components, allowing a compre-
hensive assessment of the libraries. While Java code predominates
in Room, Realm, and ObjectBox, native components play a central
role in SQLite and partially in Realm.

3.1 Study Design and Dataset
The dataset consists of the latest available versions of the four data
persistence libraries. They differ in size, programming language
and architecture, which impacts the interpretation of the results.

Table 1: Code Distribution by Language

Library Java C/C++ Kotlin
LOC Files LOC Files LOC Files

SQLite 12.096 58 391.780 351 0 0
ObjectBox 37.775 299 0 0 753 13
Realm 140.353 676 16.118 88 43.764 212
Room 3.462 95 0 0 161.399 1.105

Table 1 summarizes these aspects. Realm has the largest Java
codebase, with ≈ 140𝐾 lines of code, while ObjectBox also presents
a considerable Java implementation. In contrast, Room contains a
relatively small amount of analyzable Java code. This is due to the
predominance of Kotlin in its modern implementation, which is
not supported by the detection tools used in this study. As a result,
the analysis of Room is limited to components written in Java.

Although SQLite includes a small Java interface layer, its core is
implemented in C, totaling ≈ 400𝐾 lines of code. The Java portion
serves primarily as an access interface for Android applications.
These differences highlight the importance of considering language
distribution and system architecture when interpreting the ACs
prevalence across projects.

3.2 Results
3.2.1 Prevalence and Density. The total number of ACs detected
varies across projects and is naturally influenced by code size. To
enable comparison, results are normalized using ACs density (AC/K-
LOC). Table 2 summarizes these values.

Table 2: ACs Density by Language

Library Java C/C++
LOC ACs Density LOC ACs Density

SQLite 12.096 100 8,26 391.780 18.002 45,94
Realm 140.353 1.018 7,25 12.848 130 10,11
ObjectBox 37.775 614 16,25 — — —
Room 3.462 37 10,68 — — —

The results reveal substantial variation in density across the an-
alyzed libraries. ObjectBox exhibits the highest density, indicating
a higher concentration of potentially confusing constructs relative
to its code size. Realm, despite having a larger codebase, presents
a lower density, suggesting a more consistent use of clearer con-
structs. Room shows comparatively low values; however, this result

must be interpreted with caution due to the limited portion of an-
alyzable code. SQLite stands out with the highest density in the
study, indicating a strong ACs concentration in its codebase.

3.2.2 Granularity and Propagation. Beyond global density, file-
level metrics provide insight into how confusion is distributed
within each project. Table 3 presents the average number of ACs
per file and their propagation rate.

Table 3: Prevalence and Propagation of ACs by Language

Library Atoms Files Affected Mean Propagation
Java

SQLite 100 58 12 1,72 20,69%
Realm 1.018 676 147 1,51 21,75%
ObjectBox 614 299 76 2,05 25,42%
Room 37 95 11 0,39 11,58%

C/C++
SQLite 18.002 351 245 51,29 69,80%
Realm 130 64 25 2,03 39,06%

SQLite combines a high propagation rate with a high average
number of ACs per file, indicating that confusion is both widespread
and dense. A large proportion of its files contain at least one AC,
and the number of ACs per affected file is higher than in the other
libraries. This suggests a systemic pattern, where ACs are pervasive
across the codebase rather than confined to specific components.

In contrast, ObjectBox presents a different distribution. Although
its overall density is relatively high, its propagation rate is consider-
ably lower, indicating that ACs are concentrated in a smaller subset
of files. Most files in the project do not contain ACs, while a limited
number of components accumulate a higher concentration. This
pattern suggests localized confusion. Realm follows a similar trend
to ObjectBox but with lower overall intensity. Both the propagation
rate and the average number of ACs per file are comparatively
moderate, indicating a more balanced distribution. ACs are present,
but neither highly concentrated nor broadly pervasive.

Table 4: Files with the Highest AC Concentration per Library

Library
1st Place 2nd Place 3rd Place

File # File # File #
JAVA

SQLite CApi.java 26 Tester1.java 19 Sqlite.java 16

Realm
AllTypesRealm
Proxy-pre-
dictionary.java

57 AllTypesRealm
Proxy.java

56 RealmConfig-
uration.java

43

Room Song.java 12 AutoValue_
Person.java

5 Artist.java 4

ObjectBox Utf8Safe.java 73 ArrayRead
WriteBuf.java

60 Abstract
Object.java

47

C/C++

SQLite jimsh0.c 1.635 sqlite3-
wasm.c

601 btree.c 561

Realm utf8.hpp 34 java_
accessor

25 java_object
_accessor.hpp

22

Hotspot analysis reinforces these observations (Table 4). In Ob-
jectBox, the most affected files are utility classes associated with
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low-level data handling, such as buffer manipulation and encoding.
In Realm, the highest concentrations appear in proxy and gener-
ated classes, indicating that part of the confusion originates from
code generation mechanisms. In SQLite, hotspots include core com-
ponents responsible for crucial operations, showing that highly
confusing constructs are embedded in critical parts of the system.

3.2.3 AC Type Distribution. To complement the quantitative anal-
ysis, the distribution of ACs types was examined. Figures 1, 2 and 3
present the frequency of the most common patterns.

Figure 1: ACs Occurrence by Library

Figure 2: Top 5 ACs in C/C++

ObjectBox and Realm exhibit similar typological profiles, domi-
nated by ACs related to control flow, particularly the use of Condi-
tional Operators and logical expressions as control structures. These
constructs are used extensively and account for a large portion of
the detected ACs, suggesting a preference for concise implementa-
tions that may increase cognitive load.

ObjectBox also shows the presence of Type Conversion snippets,
which align with its use of low-level data manipulation mechanisms.
Realm, in turn, shows a concentration of Logic as Control Flow,
especially in proxy and generated components.

SQLite presents a different distribution, with dominance of pat-
terns associated with omitted structural elements, particularly the
Omitted Curly Braces. These ACs appear extensively throughout
the codebase and contribute to the overall density and propagation.

Figure 3: Top 5 ACs in Java

4 Study 2: Evolution
This study investigates how ACs evolve over time, addressing RQ2.
The goal is to analyze whether these patterns tend to increase,
decrease, or stabilize throughout the software lifecycle.

The analysis focuses exclusively on SQLite. This choice is moti-
vated by three factors. First, its implementation allows the use of
AtomFinder, enabling consistent detection of ACs across all ana-
lyzed versions. Second, SQLite provides a long and stable version
history, which supports the observation of trends over an extended
period. Third, its role as a widely used persistence engine since it’s
available on over 4 billion devices, which increases the practical
relevance of these findings.

4.1 Study Design
The study is based on the analysis of official stable versions of
SQLite, obtained from its versioning history. Each version was
processed independently, allowing the extraction of metrics related
to the ACs presence.

The analysis considers the evolution between consecutive ver-
sions, allowing the identification of patterns such as accumulation,
reduction, or stabilization of ACs. In addition, changes in density
are examined to account for variations in code size, ensuring that
growth in the codebase does not distort the interpretation of results.

4.2 Results
4.2.1 Global Evolution. We analyzed the absolute evolution of ACs
in SQLite across stable releases from version 3.10.0 (2015) to 3.50.0
(2025), as well as the current state of the main branch. The selected
versions represent major release milestones, spaced approximately
two to three years apart, allowing the identification of long-term
trends while reducing noise from minor revisions.

Table 5 summarizes the evolution of lines of code (LOC) and the
total number of ACs detected.

The results show an increase in the ACs number over time. The
system evolves from 11,072 ACs in version 3.10.0 to 19,072 in ver-
sion 3.50.0, representing a growth of 72.25%. This increase occurs
without any reduction phase across stable releases.

Figure 4 illustrates this trend, showing an increase in the ACs
number throughout the analyzed period. A minor decrease is ob-
served in the current main branch compared to v3.50.0, but this
variation is small and does not alter the overall upward trajectory.
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Table 5: Historical Evolution and Variations (SQLite)

Version LOC Atoms Previous Var. Cumulative Var.

C/C++

master 391.780 18.002 -1.070 +6.930
v3.50.0 412.404 19.072 +2.385 +8.000
v3.40.0 373.912 16.687 +1.586 +5.615
v3.30.0 343.927 15.101 +1.269 +4.029
v3.20.0 312.783 13.832 +2.760 +2.760
v3.10.0 250.129 11.072 Ref. Ref.

Java

master 12.096 100 0 +100
v3.50.0 12.075 100 +100 +100
v3.40.0 0 0 0 0
v3.30.0 0 0 0 0
v3.20.0 0 0 0 0
v3.10.0 0 0 Ref. Ref.

Figure 4: Relation BetweenNumber of ACs and LOC in SQLite

When compared with the growth of the codebase, a strong posi-
tive correlation emerges (𝑟 = 0,95). Figure 4 also shows that the in-
crease in LOC is closely followed by an increase in the ACs number.
Over the analyzed period, the codebase expands by approximately
162,000 lines, while the ACs number increases by around 8,000.

This corresponds to an average introduction rate of approxi-
mately 49 atoms per 1,000 lines of code added. This value is slightly
higher than the historical average density of the project, indicating
that newly introduced code tends to include atoms at a higher rate
than the existing baseline.

4.2.2 Density Evolution. To control for the effect of system size,
the analysis considers the evolution of atom density (AC/KLOC).
Table 6 presents the density values across versions.

The results indicate that density does not follow a linear trend.
Instead, two distinct phases can be observed, as shown in Figure 5.

Between versions 3.10.0 and 3.30.0, density remains stable de-
spite substantial growth in LOC. During this period, density slightly
decreases from 44.27 to 43.91 AC/KLOC, suggesting that code addi-
tions were proportionally aligned with existing patterns.

Table 6: Density Evolution and Variations (SQLite)

Version LOC Atoms Dens. Previous Var. Cumulative Var.

C/C++

master 391.780 18.002 45,94 -0,30 +1,68
v3.50.0 412.404 19.072 46,24 +1,62 +1,98
v3.40.0 373.912 16.687 44,62 +0,72 +0,36
v3.30.0 343.927 15.101 43,90 -0,32 -0,36
v3.20.0 312.783 13.832 44,22 -0,04 -0,04
v3.10.0 250.129 11.072 44,26 Ref. Ref.

Java

master 12.096 100 8,26 -0,02 —
v3.50.0 12.075 100 8,28 +8,28 —
v3.40.0 0 0 0,00 0,00 —
v3.30.0 0 0 0,00 0,00 —
v3.20.0 0 0 0,00 0,00 —
v3.10.0 0 0 0,00 Ref. —

Figure 5: Density Evolution Between SQLite Versions

From version 3.40.0 onward, the trend changes: AC density starts
to increase and reaches a peak of 46.25 AC/KLOC in version 3.50.0.
This breaks the previous stability and suggests that in that version,
new and refactored code added more ACs than removing them. The
current main branch shows a small reduction to 45.95 AC/KLOC,
but this density is higher than the first one we analyzed.

4.2.3 Propagation and Granularity Evolution. We analyzed how
ACs are distributed across files over time, using propagation rate
and average ACs per file. Table 7 presents these metrics.

Propagation remains consistently high across all versions. The
percentage of affected files never falls below 65% and stabilizes
around 70% in recent versions. This indicates that ACs are broadly
distributed across the codebase rather than confined to isolated
modules. The average number of ACs per file (𝜇𝑓 𝑖𝑙𝑒 ) reveals a change
in behavior over time. From version 3.10.0 to 3.40.0, the system
exhibits a dilution pattern. The number of files increases from 272
to 409, while the average ACs per file remains stable, about 40. This
suggests that newly introduced ACs are distributed across new files.

In version 3.50.0 and the currentmain branch, this pattern changes.
The number of files decreases from 409 to 351, while the total num-
ber of ACs continues to grow. As a result, the average increases
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Figure 6: Three Files with the Most ACs Across SQLite Versions

Table 7: Evolution of AC Propagation by File

Version Files Atoms Mean Affected Files Propagation

C/C++

master 351 18.002 51,28 245 69,80%
v3.50.0 390 19.072 48,90 276 70,77%
v3.40.0 409 16.687 40,79 281 68,70%
v3.30.0 385 15.101 39,22 262 68,05%
v3.20.0 345 13.832 40,09 230 66,67%
v3.10.0 272 11.072 40,70 178 65,44%

Java

master 58 100 1,72 12 20,69%
v3.50.0 58 100 1,72 12 20,69%
v3.40.0 0 0 0,00 0 0,00%
v3.30.0 0 0 0,00 0 0,00%
v3.20.0 0 0 0,00 0 0,00%
v3.10.0 0 0 0,00 0 0,00%

to 51.29 ACs per file, indicating a concentration effect, where ACs
accumulate in fewer files. This likely occurred due to the Java inclu-
sion in the codebase. Hotspot analysis provides more details. Figure
6 shows the evolution of files with the highest number of ACs.

Two distinct behaviors can be identified in the evolution of
hotspots. The first is a pattern of chronic accumulation, exemplified
by the file btree.c, which consistently appears among the most
affected files across all analyzed versions. Its ACs number increases
from 466 in version 3.10.0 to 561 in the current version, indicat-
ing continuous growth without reduction over time. The second
behavior corresponds to the acute introduction of highly concen-
trated files in recent versions. Notably, files such as jimsh0.c and
sqlite3-wasm.c emerge with disproportionately high ACs counts.
In particular, jimsh0.c contains more than 1,630 ACs, exceeding
other files and contributing substantially to the observed increase
in average ACs per file.

4.2.4 Evolution by Atom Type. To understand which patterns drive
the observed growth, the analysis examines changes in ACs types
between version 3.10.0 and the current version. Table 8 summarizes
the largest increases.

Table 8: Most Common ACs Types (2015–2025)

Atom Type
2015

(v3.10.0)
2025

(Master) Growth Var. (%)

Omitted Curly Braces 3.954 6.719 +2.765 +69,9%
Implicit Predicate 1.436 2.826 +1.390 +96,8%
Infix Operator Precedence 2.715 3.699 +984 +36,2%
Conditional Operator 752 1.312 +560 +74,5%

The growth is not uniform across types. A small subset of ACs
accounts for most of the increase. The most significant increase is
observed in the Omitted Curly Braces pattern. This AC grew from
3,954 occurrences in 2015, with an addition of 2,765 new instances.
Other relevant increases include Implicit Predicate (from 1,436 up to
2,826) and Infix Operator Precedence (an increase of 984 occurrences).
In contrast, other ACs such asCommaOperator and Type Conversion,
remain stable, contributing minimally to overall growth.

5 Study 3: Performance
Study 3 evaluates the impact of ACs on computational performance
and resource usage. A common assumption in software develop-
ment is that more concise code leads to better performance. This
study explicitly examines this assumption by focusing on the most
frequent ACs identified in the previous studies. We assess whether
these patterns provide measurable performance benefits or whether
clearer refactorings introduce significant overhead.
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5.1 Study Design and Experimental Subjects
Five AC types were selected based on their frequency in SQLite: (i)
Post-increment, (ii) Conditional Operator, (iii) Infix Operator Prece-
dence, (iv) Implicit Predicate, and (v) Omitted Curly Braces.

For each atom, controlled micro-benchmarks were constructed.
Each benchmark consists of two semantically equivalent imple-
mentations: a confusing version and a refactored version. Each
benchmark executes 30 times the same workload under both vari-
ants. All experiments were conducted on a machine equipped with
an AMD Ryzen 7 5700X 8-Core Processor (3.40 GHz) and 32 GB
of RAM, running Windows 11. To minimize external interference,
the benchmarks were executed within the Windows Subsystem for
Linux (WSL), using an Ubuntu distribution.

5.2 Results
5.2.1 Memory Analysis. The memory analysis shows no observ-
able differences between confusing and clean implementations
across all evaluated patterns. The number of memory reads (Dr)
and writes (Dw) remains identical in both versions, indicating that
refactoring ACs into clearer constructs does not introduce addi-
tional allocation or data access overhead. This equivalence also
holds for ACs that alter control flow structure, such as the Con-
ditional Operator. No variations are observed in cache behavior,
including L1 data cache misses (D1mr and D1mw), nor in stack
usage. These results indicate that, from a memory perspective, ACs
does not incur measurable memory cost.

5.2.2 Execution Analysis. Table 9 summarizes execution time, while
Figures 7 and 8 compare code versions.

Table 9: Performance Comparison: Confusing vs. Clean

Atom Type Confusing
(Mean ± SD)

Clean
(Mean ± SD) p-Value Cohen’s d

Execution Time (ns/op)

Omitted Curly Braces 4.75 ± 0.15 4.86 ± 0.10 0.003 0.81
Implicit Predicate 4.12 ± 0.51 3.92 ± 0.07 0.045 0.53
Infix Precedence 7.55 ± 0.11 7.62 ± 0.08 0.006 0.74
Conditional Operator 7.06 ± 0.08 7.08 ± 0.12 0.321 0.25
Post Increment 3.84 ± 0.08 4.00 ± 0.07 0.001 2.15

Instructions Per Cycle (IPC)

Omitted Curly Braces 2.95 ± 0.07 2.90 ± 0.05 0.001 0.87
Implicit Predicate 2.89 ± 0.20 3.05 ± 0.01 0.001 1.13
Infix Precedence 3.30 ± 0.02 3.30 ± 0.02 0.456 0.19
Conditional Operator 3.21 ± 0.02 3.23 ± 0.01 0.001 1.27
Post Increment 2.95 ± 0.06 2.78 ± 0.04 0.001 3.29

We carried out a two-tailed Student’s t-test for independent
samples, testing the null hypothesis (𝐻0) that there is no difference
between the confusing and refactored implementations. For the
Post-Increment,Omitted Curly Braces, and Implicit Predicate patterns,
the null hypothesis was rejected (𝑝 < 0.05), indicating statistically
significant differences in execution time.

Post Increment shows the most consistent advantage for the con-
fusing version, with an average of 3.84 ns/op compared to 4.00 ns/op
for the refactored version (𝑝 < 0.001, 𝑑 = 2.15). This difference
is supported by a higher instruction throughput, with IPC values

Figure 7: Ns/Op Comparison: Confusing vs. Clean

Figure 8: IPC Comparison: Confusing vs. Clean

of 2.94 for the confusing version and 2.78 for the refactored one.
A similar effect is observed for Omitted Curly Braces, where the
confusing version achieves 4.75 ns/op, while the refactored version
reaches 4.85 ns/op (𝑝 = 0.003, 𝑑 = 0.81), an overhead of about 2.15%.

In contrast, the Implicit Predicate pattern shows the opposite
behavior. The refactored version performs better, with 3.92 ns/op
versus 4.11 ns/op for the confusing version, and a higher IPC of
3.04. For Infix Operator Precedence and Conditional Operator, the
differences are minimal. In particular, Conditional Operator shows
no statistically significant difference (𝑝 = 0.32, 𝑑 = 0.25). In this
case, the choice between a conditional operator and an equivalent
if/else structure does not affect performance.

6 Discussion
6.1 Answer to RQ1
Main result: The analysis reveals that ACs are present in all
analyzed libraries, but with distinct profiles. Systems like Object-
Box and Realm concentrate confusion in specific components,
with propagation around 20-25%, while SQLite exhibits a more
pervasive distribution, with a propagation around 70%.
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The results show that the prevalence and ACs density vary across
the analyzed libraries. This variation is not explained solely by code
size, but is probably influenced by implementation strategies and
code styles adopted by their main developers.

ObjectBox and Realm exhibit moderate densities, with a clear
dominance of specific ACs types, particularly Conditional Operator
and Logic as Control Flow. These patterns indicate a preference
for compact expressions that reduce verbosity but increase cogni-
tive effort during code comprehension. Despite this, both libraries
present relatively low propagation rates, showing that confusion is
not widespread. Instead, it is concentrated in specific components,
which limits its impact on the overall maintainability of the system.

SQLite presents a different profile. Its density is substantially
higher, and its propagation rate indicates that ACs are present
in most files. In addition, the average number of ACs per file is
larger than in the other libraries. This combination characterizes a
systemic distribution of confusion, where confusing constructs are
embedded throughout the codebase. SQLite’s analysis may reflect
stylistic choices that favor minimal syntax at the cost of code clarity.

The predominance of patterns such as Omitted Curly Braces re-
inforces this observation, reflecting a coding style that prioritizes
conciseness and low-level control. While such choices may be asso-
ciated with performance considerations, they increase the risk of
developer misinterpretation and maintenance errors.

In ObjectBox, the high incidence of Type Conversion is directly
related to its internal design. Its reliance on low-level data manipu-
lation leads to frequent explicit conversions, which are detected as
atoms. Hotspot analysis confirms that these patterns are concen-
trated in utility classes responsible for buffer handling and encoding.
This indicates that ACs are localized in infrastructure components
rather than distributed across the entire library’s codebase.

Room presents low values in both absolute and relative terms.
However, this result is constrained by the limited portion of ana-
lyzable code, since most of its implementation is written in Kotlin.

Typological results also confirm previously reported patterns.
In Java libraries, the dominance of Conditional Operator and Logic
as Control Flow aligns with the findings of Tabosa et al. [19]. And
SQLite exhibits a predominance of Omitted Curly Braces, consistent
with the profile identified by Gopstein et al. [8] for C/C+.

These results also reflect the nature of the analyzed subjects. All
libraries operate at the infrastructure level, where performance and
memory efficiency are primary concerns. In this context, the use
of compact or non-intuitive constructs may be a deliberate choice
rather than an incidental artifact. This suggests that ACs may, in
some cases, be associated with optimization strategies.

6.2 Answer to RQ2
Main result: The analysis of SQLite reveals that ACs accumulate
proportionally to codebase growth, with an average introduction
of 49 atoms per 1,000 LOC. While earlier versions exhibited a
dilution effect, recent versions exhibit higher density and con-
centration, increasing to 51 atoms per file.

The results show that the evolution of ACs in SQLite follows a
pattern of accumulation combined with a recent increase in density
and concentration. This answers RQ2 by indicating that confusion
tends to grow over time and is not reduced as the system matures.

A strong positive correlation is observed between code size (LOC)
and the number of ACs (Pearson’s 𝑟 = 0,95). As the codebase grows,
ACs increase proportionally, with an average of 49 new ACs per
1,000 lines added. This suggests that ACs are introduced as a byprod-
uct of feature growth, rather than being controlled or removed.

More relevant than the absolute growth is the change in den-
sity and distribution. Between versions 3.10.0 and 3.30.0, density
remains stable despite its expansion, indicating controlled growth.
From version 3.40.0 onward, this behavior changes: density in-
creases and reaches its peak in version 3.50.0. This indicates that
recent additions introduce atoms at a higher rate than earlier code.

At the same time, the distribution of atoms across files shifts.
Earlier versions show a dilution effect, where new atoms are spread
across an increasing number of files, keeping the average per file
stable. In recent versions, this pattern is replaced by concentration.
The reduction in the number of files, combined with continued
growth in atoms, results in 51 atoms per file, indicating the forma-
tion of larger and more confusing modules.

Propagation remains consistently high across all versions, ≈ 70%
of files. This shows that atoms are present throughout the system.
Both long-standing files, such as btree.c, and recently introduced
modules contribute to this pattern. The analysis by AC type shows
that growth is driven by a subset of patterns, particularly those
related to control flow and logical expressions. The increase in
Omitted Curly Braces is the most significant, next Implicit Predicate
and Infix Operator Precedence. These patterns prioritize concise
syntax but reduce clarity, indicating a style that favors compactness.

6.3 Answer to RQ3
Main result: Not all Atoms of Confusion provide performance
gains, challenging the common assumption that more concise
code is always more efficient. For Post-Increment and Omitted
Curly Braces, the confusing versions were slightly faster. In con-
trast, for the Implicit Predicate pattern, the refactored version
performed better, indicating that improved clarity can comewith-
out cost or even with gains. Finally, for Infix Operator Precedence
and Conditional Operator, the differences were negligible.

The results of Study 3 do not support the assumption that confus-
ing code is inherently more efficient. The memory analysis shows
identical behavior across all evaluated patterns, indicating that
modern compilers generate equivalent memory access regardless
of syntactic form. Therefore, the findings indicate that the presence
of these atoms cannot be explained by memory optimization.

Execution results are mixed. Post Increment and Omitted Curly
Braces show small, but statistically significant, advantages for the
confusing versions. Although the differences are minor, they may
accumulate in performance-critical contexts like SQLite. In con-
trast, the Implicit Predicate pattern shows the opposite effect: the
refactored version is both faster and more stable. For Conditional
Operator and Infix Operator Precedence, no significant differences
were observed, indicating no measurable performance benefits.

Overall, the impact of ACs on performance is inconsistent. Some
patterns yield marginal gains, while others degrade performance or
have no effect. This indicates that efficiency concerns do not justify
ACs, as clarity can improve without reliable performance loss.
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6.4 Implications
The findings suggest that ACs should be studied as recurring and
evolving characteristics of software systems, rather than as isolated
syntactic issues. For researchers, the contrast between localized
ACs in Java-based libraries and the widespread presence of ACs
in SQLite highlights the importance of analyzing confusing code
in domain-specific and language-specific contexts. The longitudi-
nal results also indicate that AC density, propagation, and hotspot
concentration may serve as useful indicators of maintainability
degradation, architectural pressure, and future comprehension dif-
ficulties in long-lived systems.

For practitioners, the results show that confusing constructs
should be monitored during development and code review, espe-
cially in infrastructure and performance-critical components. Static
analysis tools and coding guidelines can help teams identify pat-
terns such as Omitted Curly Braces, Conditional Operator, Logic as
Control Flow, and Implicit Predicate. The performance analysis fur-
ther shows that confusing code should not be preserved based on
assumed efficiency, since most ACs provide negligible or inconsis-
tent gains, and clearer versions may even perform better. Therefore,
refactoring decisions should be guided by empirical evidence, code
clarity, and the specific distribution of ACs within each project.

6.5 Threats to Validity
Construct Validity The identification of ACs relies on two auto-
mated tools that implement predefined taxonomies and detection
heuristics. As a result, not all ACs may have been captured or cor-
rectly identified. Nevertheless, these tools have been previously
used in other studies to measure the prevalence and occurrence
of ACs. In addition, the code snippets analyzed in this study were
manually inspected to ensure correct identification. Furthermore,
our dataset includes all shipped analyzable source code, such as gen-
erated proxy classes and vendored third-party files (e.g., jimsh0.c).
While intentionally reflecting the holistic maintenance load, distin-
guishing authored ACs from inherited code is crucial, as the latter
can inflate density metrics.

Internal Validity The performance evaluation is based on con-
trolled micro-benchmarks using isolated code snippets. These were
executed in an x86-64 WSL environment with disabled compiler op-
timizations (-O0) to ensure repeatability and to prevent the compiler
from erasing the source-level structural distinctions under study.
Although this design allows precise measurement of execution char-
acteristics, it does not capture interactions present in real-world
systems. Consequently, the observed performance differences may
not fully reflect behavior in production environments.

External Validity The study focuses on four data persistence
libraries, which, although representative and widely used, do not
cover the full diversity of the Android ecosystem. In particular,
the limited support for Kotlin in the detection tools restricts the
analysis of modern Android codebases, especially in the case of
Room. Therefore, the findings may not generalize to systems im-
plemented in Kotlin or to other application domains beyond data
persistence. Additionally, our performance findings reflect baseline
x86-64 execution. These results cannot be directly generalized to
other architectures or production environments, where different
compiler behaviors and optimizations may occur.

Conclusion Validity The statistical analysis of performance
results is based on repeated executions and hypothesis testing; how-
ever, measurement noise and other factors may still influence the
results. Although high-variability executions were filtered, residual
variance may affect the detection of small performance differences.

7 Final Considerations and Future Work
This study investigates the prevalence, evolution, and performance
impact of Atoms of Confusion in Android data persistence libraries
through static analysis, longitudinal study, andmicro-benchmarking,
providing a unified view of their effects on maintainability and ex-
ecution. Results show two distribution profiles: in Java libraries,
confusion is localized with ≈ 20% propagation, whereas SQLite’s
native core exhibits a systemic pattern with ≈ 70% propagation.
Longitudinal analysis reveals that, in SQLite, ACs are persistent
and cumulative, with a structural shift from dilution to concen-
tration starting at version 3.50.0, leading to higher density and
reduced modularity, consistent with Lehman’s Law of Increasing
Complexity. Performance results indicate no memory-related ben-
efits and inconsistent execution gains: some patterns slightly im-
prove throughput, while others degrade performance and increase
variability, suggesting that their persistence is often based on per-
ceived rather than actual performance advantages.

The main limitation of this study is the current tool-gap for
Kotlin, which restricts the analysis of modern Android codebases.
Additionally, the differences in AC catalogs between C and Java
preclude a direct quantitative comparison between languages. Also,
the performance evaluation considers only a limited subset of ACs,
restricted to a single programming language, and implemented as
isolated micro-benchmarks. These implementations do not fully
capture the complexity, interactions, and contextual constraints
present in real-world systems. As a result, the findings reflect con-
trolled experimental behavior rather than the full performance
implications of these patterns in production environments.

Future research should focus on developing detection tools for
Kotlin to provide a comprehensive view of modern mobile develop-
ment. Also, the performance evaluation should be expanded to cover
a broader set of ACs in C, as well as patterns from other languages
and architectures. Future benchmarks should also incorporate ACs
extracted from real-world systems, allowing the analysis to better
reflect practical usage scenarios found in production code.

Lastly, controlled studies involving human developers are needed
to empirically assess whether higher AC density per file leads to
increased comprehension time and higher error rates during main-
tenance. Comparative analyses across ecosystems and refactoring
strategies could further support sustainable coding practices.

Artifact Availability
The datasets from this study are available at: https://github.com/
httpaulie/AoC_Android_Persistence_Dataset; and the scripts used
for the performance benchmark are available at: https://github.com/
httpaulie/AoC_Benchmark_C.
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