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Abstract
Application performance critically impacts user satisfaction and re-
tention, yet developing efficient applications remains challenging.
The emergence of Large Language Models (LLMs) as coding assis-
tants presents a new paradigm in software development. However,
the efficiency of the code they generate has not been extensively
scrutinized.

This paper aims to evaluate LLM-generated code efficiency by
analyzing the presence of Performance Anti-Patterns (PAPs) (i.e.,
common coding practices with suboptimal performance) on gen-
erated Android source code. To draw conclusions regarding LLM-
generated code efficiency, we analyze and compare datasets of both
real-world and LLM-generatedAndroid projects using state-of-the-
art static analysis tools that detect the presence of PAPs.

Our findings reveal a significant prevalence of performance anti-
patterns in LLM-generated code.We observe that functionally equiv-
alent human-written code contains only 0.32–0.84 PAPs per thou-
sand lines of code (KLOC) and general open-source baselines aver-
age 4.7, while LLM-generated projects reach a median density of
8.36–11.5. Moreover, 15% of all generated files contain at least one
PAP instance, driven by the models’ repeated failure to correctly
manage resource lifecycles or select efficient algorithms.

Suppl.Material:https://github.com/sanadlab/llm_code_analysis_
repl_package

1 Introduction
As Android applications become increasingly critical for service-
intensive computation in daily life, the need to optimize memory
and energy utilization has never been greater. Mobile devices re-
main significantly more resource-constrained than computers, yet
certain common inefficient programming practices [3] continue to
contribute to the suboptimal use of limited resources such as bat-
tery power and memory capacity.

Diagnosing and addressing performance issues in Android ap-
plications is inherently complex [40] due to extreme device frag-
mentation and variable runtime contexts. Prior research has iden-
tified that performance optimization opportunities exist at multi-
ple levels, such as programming languages/frameworks choice [37,
41], specific libraries usage [48] or coding patterns[10]. These op-
timization opportunities are important because common perfor-
mance anti-patterns in Android are widespread [13] and tend to
spread across developers regardless of their experience [21].

Meanwhile, LLMs have recently demonstrated remarkable ca-
pabilities in comprehending [15], generating [60], and transform-
ing source code [28]. This proficiency has catalyzed an emerging
development paradigm colloquially termed vibe coding, where de-
velopers rely on high-level natural language prompts and iterative

Figure 1: Performance Loop of Hell

intuition to generate apps rather than manual design, implementa-
tion and verification[17]. While this approach significantly lowers
barriers and accelerates prototyping, it introduces inherent risks
to software quality [61]. Consequently, code has been increasingly
generated by individuals who lack fundamental expertise required
to develop or secure the underlying logic, resulting in inefficient,
brittle, unstructured code [61].

On the other hand, LLMs exhibit recognized limitations such
as hallucinations [24] and inherent difficulties in reasoning about
performance and resource utilization [8, 53]. A critical concern is
whether this reliance on AI-generated code contributes to a sys-
temic degradation of app efficiency. Since LLMs learn from vast
corpora of public source code where performance anti-patterns are
endemic [13, 23], by training on such corpus, models may inadver-
tently internalize these inefficient patterns as valid solutions and
reproduce them when generating code. Such constant reproduc-
tion of inefficient code potentially creates a self-reinforcing feed-
back cycle, which we coin Performance Loop of Hell (as illustrated
in Figure 1). In this cycle, sub-optimal patterns are continuously
produced and amplified through successive generations of both
LLM training data and applications. In vibe-coding settings, this
cycle could be even more critical. Inefficient LLM-generated code,
if accepted and integrated into production systems without opti-
mization, becomes part of the corpus training future LLMs, further
skewing the distribution toward inefficiency.

This paper aims to address the current lack of scrutiny regard-
ing AI-generated code efficiency [53]. To systematically evaluate
code efficiency, we analyze statically detectable PAPs, recurring
code patterns known to cause suboptimal performance regarding
latency, memory usage, bandwidth, or energy consumption [16].
PAPs represent detectable manifestations of performance ineffi-
ciency that remain functionally correct but carry performance im-
plications. These patterns are particularly relevant to Android, be-
cause many are statically detectable through rule-based and data-
flow analysis approaches.Their detection is also usually integrated
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1 public class CustomView extends View {

2 // Optimization: Pre-allocate objects used in drawing upfront

3 // private Paint backgroundPaint = new Paint();

4
5 @Override

6 protected void onDraw(Canvas canvas) {

7 super.onDraw(canvas);

8
9 // ANTI-PATTERN: Allocating a new object inside a high-frequency

10 // method call like onDraw(). replacing the following call with a

11 // pre-allocated object will fix this issue

12 Paint backgroundPaint = new Paint();

13 backgroundPaint.setColor(Color.BLACK);

14 canvas.drawRect(0, 0, getWidth(), getHeight(), backgroundPaint);

15 }

16 }

Figure 2: An example of the DrawAllocation anti-pattern.

into default development environments (e.g., Android Lint [19],
which is part of Android Studio [20]). Figure 2 shows a known ex-
ample of such patterns: DrawAllocation [18], which allocates mem-
ory inside frequently-invokedUI renderingmethods (e.g., onDraw()).
In these methods, repeated allocations trigger garbage collection
pauses that interrupt animations and produce perceptible UI lag.

To draw robust conclusions regarding performance, we bench-
mark 12 LLM-generated applications against two human baselines:
a matched control group of 12 apps and a larger historical dataset
of 307 projects.We leverage specialized Static Analysis Tools (SATs)
to scan this corpus, detecting unique PAPs spanning 11 categories
such as Resource Management and Suboptimal Algorithms. This
comparison guides our investigation into the following research
question:

• RQ1: How does LLM-generated code compare to human-
developed code in terms of performance?

Our results show that LLM-generated Android code exhibits sta-
tistically significant performance inefficiencies compared to human-
written equivalents. In particular, LLMs generate code with at least
approximately 10× more anti-patterns per KLines of Code (LoC),
a pervasive issue affecting 75% of source code files. This ineffi-
ciency is not model-specific but reflects fundamental architectural
limitations, with particularly severe degradation in several PAP
categories such as resource lifecycle management (at least 7.13×
higher). These results provide show evidence to support the Perfor-
mance Loop of Hell hypothesis.

2 Related Work
2.1 Performance Anti-Patterns (PAPs)
The impact of performance issues on User eXperience (UX) is well-
documented, directly influencing user retention and app ratings.
Early foundational research establish catalogs of PAPs and ineffi-
cient Application Programming Interfaces (APIs) to provide struc-
tured guidance for developers [11, 30, 45]. For instance, Linares-
Vásquez et al. [30] empiricallymeasure energy consumption across
55 Android apps, identifying 131 energy-greedy API methods and
highlighting how design principles (e.g., Information Hiding) may
inadvertently increase resource consumption.

As themobile ecosystem has evolved, the taxonomy of PAPs has
expanded to cover resource utilization, data usage, and complex

memory management. To address these type of issues, researchers
have employed static analysis to quantify the prevalence of PAPs
in large-scale codebases [13, 29, 35], since dynamic testing is time-
consuming, hard to conduct in scale and frequently yields environ-
ment specific results. Furthermore, several studies in the literature
focus on detecting, defining and analyzing PAPs using static anal-
ysis aproaches. Malavolta et al. [13] found that Java-specific PAPs
were present in 43% of 724 open-source projects, with nearly half
remaining unfixed over time.WhileHachia et al. [21] observed that
performance anti-patterns are introduced by developers regardless
of experience level, SATs often struggle with runtime-dependent
root causes.

Building on this foundation, our work utilizes established tax-
onomies and static analysis techniques notmerely to profile human-
written software, but to systematically and quantitatively evaluate
the performance code produced in vibe-coding environments.

2.2 LLMs and Code Efficiency
With the integration of LLMs into the development workflow, a
growing body of research evaluates whether AI-generated code
introduces new forms of technical debt [31]. This hypothesis has
led to the generative AI paradox: while LLMs can generate syntac-
tically correct code, they often lack the reasoning to generate effi-
cient and secure code [53]. Abbassi et al. [4] provide a taxonomy of
five code inefficiencies (Performance, Readability, Maintainability,
General Logic, and Errors), finding that 33.54% of LLM-generated
samples exhibited multiple flaws such as performance issues.

Specific implementation quality has also come under scrutiny.
Siddiq et al. [52] show that code generated through ChatGPT fre-
quently contains security issues , unused variables and unclosed
streams. Additionally, benchmarks such as NoFunEval [53] were
developed to evaluate the knowledge of LLMs regarding non-functional
requirements such as latency and resource utilization.Their results
indicate that across 27 different LLMs, models consistently priori-
tize functional correctness over performance optimization.

Efforts to optimize LLM output for efficiency have yielded vary-
ing results. Simple prompt optimization for Python energy con-
sumption has proven inconsistent [8], butmore sophisticated feedback-
driven frameworks such as SpeedGen [43] show promise for run-
time optimization. By integrating LLMs into an iterative pipeline
featuring automated profiling and refinement, it proved that is pos-
sible to leverage LLMs to significantly reduce execution time while
maintaining functional integrity. This evidence that while LLMs
may initially generate suboptimal code, they can be leveraged as
powerful tools for performance refactoring when provided with
sufficient contextual or dynamic feedback.

Our study extends this line of research by providing a direct
empirical comparison between LLM-generated Android applica-
tions and human-developed open-source projects in terms of per-
formance.

2
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Table 1: Categories and respective examples of anti-patterns

Category Description Examples

API Misuse Incorrect/inefficient use of APIs. Recycle [12]
Build Optimization Config. hurting build/startup time or app size. KaptUsage [19]
Code Smell Known structural design flaws in code BLOBClass [33]
Concurrency Inefficient/incorrect handling of threads/tasks. HeavyAsyncTask [33]
Data Access Inefficient methods for accessing data sources. InefficientSQLQuery [39]
Data Manipulation Inefficient handling of data structures. AvoidArrayLoops [58]
Obsolete Solution Use of deprecated patterns or APIs. HashmapUsage [39]
RPC/IPC Inefficient communication patterns. DynamicWaitTime [46]
Resource Management Improper handling of system resources. WakeLock [46]
Suboptimal Algorithm Perform a task using a suboptimal method. SlowForLoop [46]
Unnecess. Computation Perform redundant or avoidable work. MemoizationChance [9]

3 Empirical Evaluation Setup
3.1 Performance Anti-Patterns (PAPs)
To gather an extensive dataset of statically detectable Android PAPs
that we could detect on Android projects, we resort to a compre-
hensive online repository [47] synthesized from academic litera-
ture, official Android documentation, and industry-standard SAT
rule sets. For each PAP, the repository provides a technical descrip-
tion, compatible SATs, occurrence scenarios, fix patterns, invalida-
tion/void patterns (conditions that can make the PAP not applica-
ble or valid) and illustrative code examples. Each included PAP is
detectable by at least one state-of-the-art SAT. Furthermore, the
repository provides a taxonomy that classifies these patterns into
11 distinct categories, listed in Table 1. This taxonomy was derived
from the explicit technical impact described in the academic lit-
erature and SATs documentation (e.g., mapping a PAP that uses
a deprecated method to the Obsolute Solution category). This ap-
proach ensures that the taxonomy is based on established technical
definitions rather than subjective interpretation.

To detect these patterns within our project corpus, we lever-
aged 13 state-of-the-art SATs identified in the same repository. As
shown in Table 2, these include a mix of industry-grade tools, such
as Android Lint [19], SpotBugs [54] or PMD [58], and specialized
academic tools, such as EcoAndroid [46] and aDoctor [39]. To au-
tomate the SATs execution within a unified evaluation pipeline,
we reuse PyAnaDRoid [49] since it already supports the selected
SATs. PyAnaDRoid consists of an automated analysis pipeline for
Android, combining state-of-the-art static and dynamic analysis
tools and build repair capabilities to automatically analyzeAndroid
projects.

3.2 Human-Developed Projects (DOpenPRojs)
Our process for collecting human-developed open-source projects
began by leveraging the F-Droid [1] repository. Using its API, we
initially extract 2,000 projects.Then,with the help of PyAnaDRoid [49],
we select 1,000 projects identified as native Android Projects. This
selection criterion ensures that we can fully analyze the source
code of the projects by considering only native instances and ex-
cluding unsupported cross-platform frameworks (e.g., Kivy [27],
Xamarin [36]) and incompatible build systems (e.g., Maven [57],
Ant [56]) with the PyAnaDRoid pipeline.

Table 2: SATs used in our analysis. SC stands for source code,
while BC stands for bytecode

Tool Input PAPs Languages

Lint [19] SC 58 Java, Kotlin, Groovy, XML
PMD [58] SC 24 Java
ADoctor [39] SC 16 Java, Groovy, XML
EcoAndroid [46] SC 10 Java
EcoAndroid RL [42] BC 3 Java, Kotlin
DAAP [44] SC 22 Java
Chimera [9] BC 8 Java
xAL [14] BC 16 Java
Infer [7] BC 7 Java
Spotbugs [54] BC 26 Java
Spotbugsfbcontrib [6] BC 39 Java
Detekt [5] SC 7 Kotlin
DroidLens [33] BC 17 Java, Kotlin

In order to assure that the projects were solely developed by hu-
mans and prevent data contamination from LLM-assisted coding,
we inspect the release history and exclude any projects updated af-
ter November 2022, the release date of ChatGPT [38]. This process
yielded a final baseline of 307 native projects (DOpenPRojs).

This final set of projects originate apps from 17 F-Droid cate-
gories (from a total of 55), with the most represented categories
being System, Multimedia, Internet and Games, with 16.6%, 10.6%,
10.1% and 9.5% representation, respectively. The least represented
categories are Graphics, Phone & SMS, and Money, with represen-
tation between 0.8% and 2.2%.

3.3 LLM-Generated Projects (DVibePRojs)
To simulate pure vibe coding workflows [25], where developers
rely primarily on natural language prompts to generate function-
ality, we prompt Gemini-2.5-pro (Gemini) and GPT-4.5 (GPT) with
their respective default parameters to generate the complete fully-
functional source code 12 apps representing different app categories:
Games (2048, Flappy Bird), Tools/Weather, Task/Productivity (To-
Do), Gallery (Gallery), and Education (Scientific Calculator). We se-
lect these categories to test various technical requirements, includ-
ing API integration, data persistence, and UI complexity. Through
this process, we generated 12 distinct projects (DVibePRojs) and
functional apps whose prompts used and generated code we made
openly-available [50]. Both models produced fully-functional apps
in a single shot, apart fromminor platform-specific building issues
that were easily manually addressed without modifying the gener-
ated source code. We further inspected all the generated projects
in order to evaluate if the generated app was fully functional.

3.4 Similar Projects (DSimPRojs)
To address the fact that the type and category of an application
can influence the kind and number of PAPs found in the source
code, we also decided to isolate a dataset of 12 open-source projects
similar to those generated with LLMs.

To facilitate a head-to-head comparison between LLM and hu-
man developers, we identify a subset of human-developed andmain-
tained apps from F-Droid that most closely match the functionality
of our 12 LLM-generated projects. We perform a similarity search

3
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by transforming the natural language prompts used for the LLMs
and the textual descriptions of the F-Droid apps into vector em-
beddings using a pre-trained embedding model (gemini-embedding-
001). We then calculate the cosine similarity between each LLM
prompt and the F-Droidmetadata. For each project, we then selectp
the top 2 projects that matched at least one of the vibe code project
(F-Droid) categories. This process resulted in a smaller dataset of
12 apps (DSimPRojs), providing a controlled environment to more
fairly reason about performance by comparing apps that solve iden-
tical problems.

Figure 3: Comparison in terms of LoC for different models
and datasets, respectively

Figure 3 presents a box-plot that allows to compare the two
used models in terms of variation in verbosity (LoC) between the
models. Gemini-generated projects exhibit a consistently higher
volume of code, with a median size of approximately 882.5 LoC
for Gemini and 607.5 LoC for GPT. In the rightmost box plot of Fig-
ure 3, it is possible to see that there are significant differences in
terms of LoC between datasets. DSimPRojs exhibits higher median
and top quartile than the pre-LLM projects in DOpenPRojs and the
DVibePRojs projects. It is also possible to conclude that the LLM
generated projects of DVibePRojs are significantly less verbose
than the remaining projects of the other datasets, with a median
size of 760 LoC, against 9.76 KLoC of DOpenPRojs and 28.02 KLoC
of DSimPRojs. The magnitude of the difference between medians
between datasets emphasis the need of using density-based met-
rics in order to draw fair comparisons.

3.5 Evaluation Metrics
To fairly compare the efficiency of human-written and LLM-generated
code in terms of occurrence of PAPs, we define a set of metrics
based on their frequency and distribution. The following density
metrics account for fundamental scale differences across datasets,
providing fairer cross-project comparisons than raw counts. Let
𝑆𝑖 denote the total number of PAPs detected in project 𝑖, and let
KLOC𝑖 be its size in thousands of lines of code.

Anti-Pattern Density (APD): We first define the overall PAP
density of a project 𝑖 as APD𝑖 = 𝑆𝑖/KLOC𝑖. This metric normalizes
the number of detected PAPs by project size, enabling a fair com-
parison between projects of different scales and between human-
written and LLM-generated code.

Table 3: Characterization of the projects’ datasets in terms of
detected PAP instances and density metrics for both Holis-
tic (H) and Annotated (L) evaluations.

Dataset Occurrences Instances Categs. APD SFP
H A H A H A H A H A

DOpenPRojs 20876 - 70 - 11 - 4.7 - 0.88 -
DSimPRojs 877 607 49 49 10 10 0.32 0.84 0.97 0.91
DVibePRojs 244 171 24 24 8 8 11.5 8.36 0.85 0.85

Anti-PatternCategoriesDensity (CAPD): Given a set of PAP
categories𝐶 (e.g., APIMisuse, ResourceManagement, Code Smells),
let 𝑆𝑖,𝑐 be the number of PAPs of category 𝑐 ∈ 𝐶 in project 𝑖. The
category-level density is CAPD𝑖,𝑐 = 𝑆𝑖,𝑐/KLOC𝑖. These densities
allow us to analyze whether specific categories of PAPs are more
prevalent in LLM-generated or human-written projects.

Static PAPs-Free Proportion (SFP): To capture code cleanli-
ness, we compute the proportion of entities that are free of PAPs.
Let 𝐸𝑖 be the set of code entities in project 𝑖 (e.g., classes, meth-
ods, or files) and let 𝐸clean𝑖 ⊆ 𝐸𝑖 be the subset with zero detected
PAPs. The smell-free proportion is defined as SFP𝑖 = |𝐸clean𝑖 |/|𝐸𝑖|.
This metric reflects how much of a project is entirely free of the
considered anti-patterns.

In our execution setup, we evaluate LoC and code complexity
using SCC [2]. We determine the number of issues and respective
categories by executing the SATs presented in Table 2 over the 3
projects datasets previously presented in this section.

4 Analyzing Code Performance
To answer RQ1, we employ 13 SATs to analyze our three datasets:
DOpenPRojs, DVibePRojs, and DSimPRojs. We structure the com-
parison into two phases:

• Holistic Analysis: We compare the raw volume of flagged
PAPs in LLM-generated apps against the open-source hu-
man baselines.

• Manual Validated Analysis: Since SATs can produce false
positives that distort debt estimates [31, 34], we manually
validate the detected instances of PAPs reported by SATs in
DVibePRojs and DSimPRojs. This allows us to determine
if the performance gaps persist when analyzing only con-
firmed inefficiencies.

4.1 Holistic Evaluation
Themost straightforwardway to compare human- and LLM-generated
code in terms of PAPs is by examining the issues detected across all
SATs executed on the source code from the three projects datasets.
However, this approach has some limitations. First, the different
SATs employed are complex to run at scale (given the number and
complexity of projects) [22, 48]. Some require a full project build,
which often requires significant configuration effort at the project
level [26].

Consequently, when executing the full suite of SATs on theDOpen-
PRojs dataset, several tools achieved relatively low execution suc-
cess rates. For example, even with the ability to repair some typical
Android project build errors through the PyAnaDRoid pipeline,
the success rate of Android Lint (the SAT that detects the widest

4
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Figure 4: APD values
across datasets

Figure 5: SFP values
across datasets Figure 6: Occurrences of PAPs across datasets (lightweight SATs only)

Figure 7: CAPD values across categories for all datasets

range of PAPs) was only 35.5%. To ensure a fair comparison, we
therefore restricted our analysis to the issues detected by SATs
with execution success rates above 90% in all datasets. The tools
that meet this threshold, which we named lightweight SATs are
aDoctor[39], PMD[58], Detekt[5], and DAAP[44], since these do
not require full project compilation and building.

Because multiple SATs can flag the same PAP, the aggregated
results contained significant duplication. Additionally, tools like
DAAP [44], aDoctor [39], and EcoAndroid [46] often lack precision,
reporting issues only at the file or project level. We removed dupli-
cates by grouping instances by PAP, repository, and filename. For
each group, we preserved the entry with the highest granularity,
prioritizing specific line numbers over file-level flags, or selecting
the longest location string when line numbers were unavailable.

Figure 6 shows the unique instances of PAPs identified by the
SATs with execution success rates above 90% in each dataset (light-
weight SATs). It is possible to observe that some PAPs commonly
detected in the wild (DOpenPRojs) are also frequently observed in
the other datasets (e.g., NoLowMemoryResolver, SlowForLoop), sug-
gesting that LLMs successfully replicate the inefficiencies present
in their training data.

Table 3 presents a comprehensive characterization of the datasets
based on detected PAP instances and density metrics. The dispar-
ity between human and AI-generated code is evident in the Anti-
PatternDensity (APD).While the human-developed baseline (DOpenPRojs)
and the functionally similar projects (DSimPRojs) maintain low
APD of 4.7 and 0.32 respectively in the holistic evaluation, the LLM-
generated code (DVibePRojs) exhibits a significantly higher APD
of 11.5.This suggest that for every thousand lines of code, LLMs in-
troduce considerably more performance inefficiencies than human
developers.

To provide statistical support for the conclusions regarding the
magnitude of the differences observed between the datasets, we
conduct a series of statistical tests to assess the significance of the
results for the APD and SFP metrics, whose distribution can be
seen in Figure 9. Regarding the APD metric, the Shapiro-Wilk [51]
test rejects the null hypothesis of normality for the DVibePRojs
andDOpenPRojs datasets. Consequently, we apply the non-parametric
Mann-Whitney U test [32] (𝛼 = 0.05) to compare the distribu-
tion of the DVibePRojs dataset against the other two datasets. The
obtained values (𝑝 = 0.0011 and 𝑝 = 0.0019, respectively) al-
low for the rejection of the null hypothesis, indicating a statisti-
cally significant difference between the samples. Furthermore, the
Vargha-Delaney [59] effect size measure determined large effect
sizes (𝐴12 = 0.90 and 𝐴12 = 0.76, respectively), reinforcing the
substantial magnitude of the difference between the datasets.

Regarding the SFP metric, the Shapiro-Wilk test again indicates
non-normality for the datasets. Therefore, we utilize the Mann-
Whitney U test (𝛼 = 0.05) to compare the distributions of the
DVibePRojs dataset against the other two. However, in this in-
stance, the test failed to reject the null hypothesis (𝑝 = 0.0525 for
the comparison against DSimPRojs and 𝑝 = 0.52 against DOpen-
PRojs), leading to the conclusion that there are no statistically sig-
nificant differences between the distributions of these pairs of sam-
ples.

4.2 Manually Annotated Evaluation
This section presents a more fine-grained and systematic compara-
tive analysis between human- and LLM-developed code regarding
statically detectable PAPs, aiming to address the main limitations
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of the holistic experiment. Given the low execution success rate
of most SATs in our pipeline and the high proportion of false pos-
itives know to be inherent to SATs [34], we conduct a manually
analysis that considers all SATs and manually verifies the detected
PAPs instances.

Due to the magnitude of the datasets of detected PAPs across
the three projects datasets and the size of their respective code-
bases, it is impractical to verify al of them with a manual approach.
This would require extensive manual verification and validation.
Furthermore, this analysis focuses exclusively on the DSimPRojs
and DVibePRojs datasets and a selected subset of detected PAP in-
stances. Because the magnitude of these datasets is considerably
reduced (when compared to the larger dimension of the DOpen-
PRojs dataset), the full set of 13 tools could be manually executed
on each project of the two datasets.

In order to select the instances of PAPs to analyze, we apply
a multi-step filtering process. First, the ViewTag, InternalGetter-
Setter PAPs were excluded since they are longer relevant in newer
platform versions. Afterwards, since several SATs fail to accurately
report the precise location of a PAP, we considered only one in-
stance per source file. Subsequently, we removed duplicate issues,
i.e., the same instances detected by different SATs (Following the
same approach described in Section 4.1). Finally, for high-frequency
PAPs, we manually verified a random sample of up to 50 instances
per PAP and estimated the total true positives as 𝑁true = 𝑁det × 𝑟tp,
where 𝑁det is the total detections and 𝑟tp is the true positive rate
derived from the sample.

To further evaluate whether the PAPs instances detected were
indeed true positives and not simply false positives ormore context-
sensitive cases identified by these tools, a manual validation of
these issues was performed. The most experienced author in An-
droid development meticulously analyzes the code the reported
PAPs instances on all of the DVibePRojs and DSimPRojs apps to
classify the occurrences of these issues as true (true positive) or
not (false positive). This manual verification aims to confirm that
the PAP exists in the codebase and in the source file reported by
the SAT that detected the instance, and the PAP detected is applica-
ble in that specific context or the recommended fix should/can’t be
applied. An example of the latter is the SlowForLoop PAP, that rec-
ommends the usage of Fore-each loops instead of bounded loops.
However, a standard for loop might be necessary if the index of
the element is required for logic beyond simply accessing the el-
ement, or if the collection needs to be modified during iteration
(e.g., removing elements), which is often unsafe with an enhanced
for-each loop.

Themanual validation step resulted in a curated set of a total 815
annotated PAPs, with 208 annotated PAPs for the LLM-generated
and 607 for the DVibePRojs dataset. Figure 8 highlights these to-
tals by individual project, visualizing the relationship between all
flagged issues, the subset that was manually annotated, and the
confirmed true positives.

By comparing the distributions presented in Figure 8, is it pos-
sible to observe a fundamental difference in how PAPs manifest.
The histogram on the left demonstrates that PAPs are systemic
across the LLM-generated corpus: nearly every generated appli-
cation contains confirmed PAPs instances. In contrast, the chart

on the right highlights the high variability inherent in human de-
velopment. While some human projects exhibit significant spikes,
others remain comparatively clean.

Table 1 presents the quantitative breakdown of the manual vali-
dation.The contrast in efficiency is evident: theDVibePRojs dataset
exhibits an APD of 8.36 in the labeled evaluation, compared to
just 0.84 for the human-written DSimPRojs. This implies that LLM-
generated code is roughly 10 times more dense with performance
defects than equivalent human code.

Figure 9 illustrates at left the APD distribution in a box-plot.The
DVibePRojs box-plot is positioned significantly higher in terms of
median and upper and lower quartiles, evidencing that this ineffi-
ciency is not limited to a few outliers but is a systemic character-
istic of the generated code. ⁇ reinforces this via the distribution
of the SFP metric presented in the right box-plot. While human
projects frequently contain files entirely free of PAPs (indicated by
medians approaching 91%), the DVibePRojs distribution is lower
and wider, with a median of 0.85%.This indicates that it is rarer for
an LLM than to a human to generate a file that is completely free
of known performance defects.

Figure 10 dissects these densities by category (CAPD), reveal-
ing specific LLMs blind-spots in efficient source code generation.
(DVibePRojs consistently presents higher values than theDVibePRojs
dataset, exhibiting high discrepancy over these same human base-
lines in Resource Management and Suboptimal Algorithms. While
humans and LLMs seem to evidencing struggles with Code Smells,
LLMs show a catastrophic lack of awareness regarding resource
lifecycles (e.g., managingmemory, releasing sensors, closing streams),
exhibiting densities nearly 10x higher than human counterparts in
this critical area.

In terms of statistical evaluation, the results observed for APD
and SFP diverge slightly from the holistic evaluation described in
Section 4.1. Regarding theAPD metric, the Shapiro-Wilk test con-
firmed that the DVibePRojs and DOpenPRojs datasets follow a
normal distribution. Consequently, the T-test allows for the re-
jection of the null hypothesis, confirming the existence of a sta-
tistically significant difference in APD between the two datasets
(𝑝 < 0.0001). Subsequently, to assess the magnitude of this differ-
ence, Cohen’s 𝑑 was employed. This evaluation confirmed a large
effect size (𝑑 = 2.11).

Regarding the SFPmetric, the Shapiro-Wilk test again confirmed
the normality of the DVibePRojs and DOpenPRojs datasets. How-
ever, the T-test—similar to the Mann-Whitney test in the holistic
evaluation—failed to reject the null hypothesis (𝑝 = 0.0525 for the
comparison against DSimPRojs and 𝑝 = 0.3101 against DOpen-
PRojs). This allows us to conclude that there are no statistically
significant differences between the means of these pairs of sam-
ples.

4.3 Synthesis
Comparing the holistic and manually annotated evaluations re-
veals a striking consistency in the performance gap between LLM-
generated and human-written code. While the holistic evaluation
established a broad automated baseline using the raw output of
only four SATs, the annotated evaluation incorporated all 13 SATs
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Figure 8: Comparison of PAPs across Projects of the DVibePRojs and DSimPRojs dataset, respectively

Figure 9: APD and SFP values for the manually-
annotated datasets, respectively Figure 10: CAPD values for the manually-annotated datasets

and applied rigorous manual verification to eliminate false pos-
itives. This expansion of the toolset explains the discrepancy in
APD values (e.g., the increase from 0.32 to 8.4 for DSimPRojs). Al-
though manual verification removes false positives, the inclusion
of additional detection tools significantly broadened the scope of
identified issues. Despite these methodological differences, the sta-
tistical tests confirm a robust conclusion: the high volume of PAPs
detected in the holistic phasewas not an artifact of tool over-sensitivity,
but a reflection of genuine code defects.

We establish the statistical reliability of these findings through
the statistical tests performed in Section 4.1. In the holistic evalua-
tion, we confirmed statistically significant differences (𝑝 = 0.0011
and 𝑝 = 0.0019) between LLM-generated code and human base-
lines. This confirms that the holistic APD of 7.49 is not a random
artifact.

Crucially, the magnitude of this disparity intensifies under man-
ual scrutiny, a finding quantified by our effect size measurements.
In the holistic view, the Vargha-Delaney statistic yielded Large ef-
fect sizes (𝐴̂12 = 0.90 and 𝐴̂12 = 0.76, respectively), indicating a
substantial probability that an LLM-generated project will have a
higher APD than a human one. This gap widened in the annotated
dataset, where the Student T-tests [55] and Cohen’s 𝑑 statistically
validated the 10× gap observed in the raw medians (8.36 vs 0.84

APD). This indicates that for every unit of code generated, LLMs
introduce an order of magnitude more performance debt than hu-
man developers working on identical requirements.

Interestingly, our statistical analysis of the SFP adds nuance to
the Performance Loop of Hell. Both the Mann-Whitney U test (holis-
tic) and the T-test (annotated, 𝑝 > 0.05) failed to reject the null hy-
pothesis regarding SFP.This lack of statistical significance suggests
that LLMs do not necessarily produce ”dirty” files more frequently
than humans (in terms of percentage of clean files). However, com-
bined with the massive effect size in APD, this implies that when
LLMs do introduce defects, they do so with extreme density.

RQ1: Evidence confirms that LLM-generated code ex-
hibits statistically significant degradation, with Vibe Coded
projects displaying a 10× higher density of performance
anti-patterns than human-written equivalents. This sys-
temic generation of suboptimal code threatens to fuel the
self-reinforcing Performance Loop of Hell.

Furthermore, LLMs demonstrate severe difficultieswith resource
lifecyclemanagement and suboptimal algorithm solutions.Thefind-
ing that on median, 19% of LLM code entities contain at least one
PAP indicates that developers cannot simply refactor a few critical
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modules. Instead, they must conduct comprehensive code review
and refactoring across the entire codebase.

Finding 1: LLMs do not merely reproduce human er-
ror: they amplify it. . Validated by large statistical effect
sizes, our results show that LLMs significantly augment in-
efficiencies in critical areas like Resource Management and
Suboptimal Algorithms.

5 Threats to Validity
Internal Validity. Theperformance of LLMs is sensitive to model

selection, configuration, and prompting strategies. Tomitigate bias,
we evaluate two distinct state-of-the-art model families (OpenAI
and Gemini). However, findings may not fully generalize to other
architectures (e.g., Llama, Claude) or highly specific configurations.
Furthermore, we utilize simple, high-level specification prompts
in natural language to reflect an out-of-the-box developer expe-
rience. Sophisticated prompt engineering or iterative refinement
could yield different results. Finally, the inherent non-determinism
ofMixture-of-Experts (MoE)modelsmeans that re-generationmay
produce slight variations in code quality, a factor intrinsic to cur-
rent generative AI that complicates strict reproducibility.

Construct Validity. We rely on statically detectable anti-patterns
as proxies for performance efficiency. While these patterns cor-
relate with resource degradation, static analysis cannot measure
actual runtime impact (e.g., latency, energy consumption) or dis-
tinguish between high-frequency execution contexts (e.g., render-
ing loops) and harmless initialization code. Consequently, our find-
ings quantify the prevalence of potential defects rather than their
confirmed runtime penalty. Future work should focus on dynamic
analysis to validate the significancy of the impact of these detected
PAPs.

External Validity. Our human-written baselines are derived ex-
clusively from F-Droid [1]. While representative of open-source
development, these projects may differ in quality and architecture
from large-scale commercial applications backed by dedicated QA
teams. Additionally, our analysis is constrained by the capabilities
of available SATs, limiting our scope to nativeAndroid (Java/Kotlin).
Our findings do not extend to cross-platform frameworks (e.g., Flut-
ter, React Native), which represent a significant portion of modern
mobile development but lack comparable static analysis tooling.

6 Conclusions
This paper presents the first comprehensive empirical evaluation
of LLM-generated Android code efficiency through the lens of per-
formance anti-patterns.We analyze 12 LLM-generated applications
and compared them against two baselines of 307 open-source projects
(DOpenPRojs) and 12 functionally-equivalent human-written projects
(DSimPRojs). Using a comprehensive catalog of 187 statically-detectable
PAPs across 11 categories and 13 state-of-the-art SATs, we con-
duct both holistic and manually-verified analysis to ensure result
robustness.

Our results demonstrate that LLM-generated Android code ex-
hibits statistically significant performance inefficiencies compared

to human-written equivalents. Specifically, LLM-generated appli-
cations exhibit a median Anti-Pattern Density (APD) ranging from
11.5 (holistic) to 8.36 (annotated) per KLoC. This stands in stark
contrast to the 0.32–0.84 APD observed in functionally similar hu-
man projects, representing an approximate 10x increase. This inef-
ficiency is systemic rather than sporadic, affecting 15% of all source
files in LLM projects compared to only 9% in human projects. Fur-
thermore, our results highlight critical blind spots in ResourceMan-
agement and Suboptimal Algorithms, where LLMs failed to man-
age lifecycles (e.g., closing streams, recycling objects) at rates nearly
an order of magnitude higher than human developers.

Our findings confirm a systemic efficiency problem in LLM-generated
code and support the Performance Loop of Hell hypothesis, where
models trained on uncurated code perpetuate and amplify exist-
ing inefficiencies. To mitigate the risks of deploying unoptimized,
energy-draining applications, we propose a multi-tiered approach:
near-termmandatory static analysis and quality gates for AI-generated
code, and medium-term initiatives to curate performance-aware
training corpora that prioritize execution efficiency alongside func-
tional correctness.
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