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ABSTRACT

Large language model (LLM) code generation research predominantly focuses on Python,
with test-driven prompt engineering exclusively targeting this language. This study presents
a comprehensive LLM selection framework for mobile development through rigorous empir-
ical analysis. We conducted 8,704 evaluations across 544 programming tasks (HumanEval
and MBPP datasets) on Android (Java) and i0OS (Swift) platforms using four state-of-the-art
LLMs (GPT-40, GPT-40-mini, Qwen 14B, and Qwen 32B), two prompting strategies (base and
test-driven), and two metrics (accuracy and remediation accuracy). Systematic analysis of
platform-specific patterns yielded a decision tree incorporating first-attempt correctness,
budget constraints, and self-hosting requirements, validated through three industry-relevant
use cases. Results show test-driven prompting (TDP) achieves a +2.22 pp average accuracy
improvement over baseline (95% CI [1.22-3.23 pp], p < 0.001, d = 0.3974). However, LLMs
consistently underperform in mobile development (66.85%-88.87%) compared to Python-
based code generation (86.90%-91.30%) regardless of model size or type. This framework
establishes groundwork for platform-specific optimizations while providing practitioners
with actionable guidance for model selection in mobile development contexts.

KEYWORDS
artificial intelligence (AI), explainable Al, empirical software engineering, mobile develop-
ment, software engineering

1  INTRODUCTION

Through programs such as GitHub Copilot and ChatGPT, large language models
(LLMs) have revolutionized software development [1], [2], significantly lowering
development effort and allowing non-programmers to quickly prototype applica-
tions for market validation [3]. However, due to their limited explainability, LLMs
produce believable but factually incorrect text, which is referred to as hallucina-
tions [4], [5]. Using previous context, LLMs generate text through probability-based
token prediction [6], [7], resulting in syntactically correct but semantically flawed
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code [2], [8]. As a result, LLM-generated code might have minor mistakes that need
careful testing and expert review [9], [10].

A systematic stage of development, software testing verifies that code satisfies
intended requirements and specifications. Costs are significantly increased when
defects reach end users rather than being discovered during development [11], [12],
especially in mobile development. Mobile applications are subject to immediate,
public quality evaluation through platform-specific rating systems on the Google
Play Store and Apple App Store [14], in contrast to web applications, where user
feedback may be indirect [13]. Defects and performance problems are instantly
revealed by user ratings and reviews, generating an open quality signal that has
a direct influence on the adoption and reputation of applications [15]. Errors in
mobile environments therefore have higher costs, including not only repairs but
also possible revenue loss and reputational harm due to negative public perception.
By mandating that developers create automated, requirements-compliant tests prior
to deploying functional code, test-driven development (TDD) successfully reduces
these risks [16], [17]. By forcing developers to carefully consider requirements and
system design before coding, this method lowers production defects. Expanding on
this strategy, researchers have looked into test-driven prompting (TDP), a prompt
engineering technique that incorporates test suites that record software require-
ments straight into prompts. Without requiring extra development work, this
technique increases the accuracy of LLM-generated code and permits automatic
validation against the embedded tests [18], [19], [20], and [21]. However, there are
still a lot of unanswered questions regarding LLM performance for platform-specific
development, especially mobile applications on the i0OS (Swift) and Android (Java)
platforms, as research has mostly concentrated on general-purpose languages such
as Python [22], [23]. Even simple mobile programming tasks are not adequately
addressed by current LLM evaluation frameworks [24], [25], and platform-specific
issues such as resource limitations, specialized APIs, and stringent compilation
requirements are mostly disregarded [26], [27]. Since TDP has only been studied in
Python environments, these limitations are especially noticeable for it [18], [19], [20],
and [21]. There is no empirical data on TDP’s efficacy in mobile development con-
texts, despite the fact that mobile platforms are more susceptible to software bugs
and thus require error reduction [28], [29], and [30].

Three research questions are addressed in this study in order to increase under-
standing of LLM prompt engineering techniques in mobile development. First,
when using TDP for Android (Java) development, which LLM produces the most
accurate code? Second, which LLM works best with TDP for iOS (Swift) develop-
ment? Third, how can developers choose models that best fit the target platform,
accuracy, cost, and self-hostability? We answer these questions to ascertain whether
TDP results in statistically significant improvements in mobile development and
to give developers a methodical framework for choosing models that strike a bal-
ance between deployment constraints, accuracy requirements, and computational
budget. The comprehensive experimental data presented in this study, including
all datasets and results, are openly accessible via the Zenodo data repository at
https://doi.org/10.5281/zenodo.17735859.

2 MATERIALS AND METHODS

Our study focuses on finding the best LLMs to use TDP on the mobile platform
described in Figure 1. The following subsections will explain each step in detail.
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Research Goal:
Find Best LLMs for TDP
on Mohile Platforms

Large Language Model Selection for Test-Driven Prompt Android i0S Development

Step 1: LLM Selection
2x2 Factorial Design
Output: 4 models

Step 3: Code Generation
Baseline vs TDP
Output: 8,704 evaluations

e

Step 5: Framework
Decision tree + Validation
Output: Model Selection
Framework

H

Step 2: Benchmark Selection
HumankEval + MBPP
Output: 1,088 task-pairs

Step 4: Evaluation
Statistics: p < 0.001

Deliverable:
Model Decision
Framework

Output: Significance

Fig. 1. Overview of the five-step research methodology for identifying optimal LLMs for TDP
on a mobile platform

2.1 LLMselection

We selected models using a 2x2 factorial design spanning two critical dimensions
for developers to consider when choosing an LLM as presented in Table 1.

Table 1. Selected LLMs for 2x2 factorial design across model size and type

Model Size Type
GPT4o Large Proprietary
GPT4omini Small Proprietary
Qwen 2.5 Coder 32B Large Open Source
Qwen 2.5 Coder 14B Small Open Source

This design allows us to analyze main effects (size, type) and interactions, provid-
ing generalizable insights beyond the specific models tested. The models are chosen
based on research that comprehensively selects the best models for the bench-
marks we are using below [9]. The following are the costs of the LLMs from the API
providers we use: 1) GPT40: $12.5 USD per input-output combined million tokens,
2) GPT4omini: combined $0.75 USD per input-output combined million tokens,
3) Qwen 2.5 Coder 32B: $5 per hour hosted on a computing node with 2 Nvidia A100
GPUs 160 GB, 4) Qwen 2.5 Coder 14B: $1.8 USD per hour hosted on a computing node
with 1 Nvidia L40S 48 GB GPU.

2.2 Benchmark selection

To evaluate LLM performance using TDP, we employ two established bench-
marks previously translated to Java (Android) and Swift (10S) [22]: 1) HumanEval:
comprehensive unit tests are used to test data structures, algorithms, and edge
cases in 158 algorithmic problems per language (316 total). 2) MBPP [22]: 386 pro-
gramming tasks for each language (772 total) that include assertion-based tests
for data transformations, text processing, list operations, and numerical computa-
tions. The only difference between the two benchmarks’ problems is their syntax,
which isolates performance variations to the LLMs themselves. Our benchmarks
assess fundamental programming concepts that mobile developers use on a daily
basis, even though they do not include framework-specific APIs. For example,
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properly implementing array filtering in a benchmark corresponds to filtering
search results in RecyclerView or UlTableView implementations.

2.3 LLM code generation

We use a 2x2 factorial design in two dimensions to process benchmark problems
into prompts: (1) Prompt techniques: baseline (problem description only) with TDP,
which uses the first 50% of test cases as guardrails; and (2) Number of attempts:
one attempt with multiple attempts at remediation (where error feedback directs
subsequent prompts, with a maximum of five attempts based on previous work
[20] demonstrating diminishing returns). Diverse developer practices in LLM-based
mobile development are captured in this design. For every attempt at code genera-
tion, we carry out the following procedures to guarantee repeatability:

1. Have a standardized single system prompt that is separated and invisible from
the prompting techniques to ensure output consistency.

2. Have a single set of hyperparameters for all code generation attempts that are
focused on ensuring determinism: a) Temperature: 0 [20], b) Seed: 1000 [20]
¢) Max token: Default model limits.

3. Large language model access: We use LLMs through two API providers that are
versioned to prevent updates to the models affecting future code generation
experiments: a) Hugging Face Inference Endpoints for Qwen models (Qwen/
Qwen2.5-Coder-32B-Instruct, Qwen/Qwen2.5-Coder-14B-Instruct), b) OpenRouter
API for GPT models (openai/gpt-40-2024-11-20, openai/gpt-40-mini-2024-07-18)

4. Documented code dependency: Our experiments are automated using Python
3.11.13. Besides standard libraries, here are the libraries we use: a) numpy =
"72.3.1", b) pandas = "A2.3.0", ¢) openai = "71.93.0", d) python-dotenv = "A1.1.1",
e) scipy = "71.16.1", f) pingouin = "0.5.5"

2.4 Code evaluation

Since it’s possible that mobile developers use the first Al suggestions with-
out coming up with alternatives, we report pass@1 accuracy (the proportion of
issues resolved on the first attempt). Additionally, we provide remediation accu-
racy, which is the percentage of problems resolved in five tries with iterative error
feedback as the alternative scenario. We used Shapiro-Wilk tests for normality;
for non-normal data, we use Wilcoxon signed-rank tests; for normal data, we use
paired t-tests. To determine the statistical significance of TDP versus the baseline
prompt (o = 0.05). Cohen’s d was used to calculate effect sizes (negligible: |d| < 0.2;
small: 0.2 = |d| < 0.5; medium: 0.5 = |d| < 0.8; large: |d| = 0.8). The t-distribution
method is used to report mean differences along with 95% confidence intervals.

2.5 Decision framework construction

Larger, more costly models are generally thought to perform better than smaller,
more affordable models on all tasks. We divided the LLM results by platform (i0S
and Android) and determined the average accuracy for each in order to test this
assumption in mobile development. Three lenses were used to systematically ana-
lyze the results: (1) model size (large/small), (2) model type (proprietary/open source),
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and (3) cost per token. We used these factors as sequential decision nodes in an
evidence-based decision tree that we built based on emerging patterns:

1. Target mobile platform: We made this the first decision node since each mobile
platform has different models as the best performer.

2. First attempt enforcement: The second decision node is whether the usage work-
flow allows for iterative multi-attempt remediation or needs correctness from the
very first try.

3. Self-hosting capability: This is the third decision node since data security and privacy
requirements represent hard constraints that categorically eliminate certain model
options. Proprietary models often use user prompts to further improve models after
their initial training phase. Whatever the case is, sometimes the data is too import-
ant to be shared with external parties, making self-hostable models the only option.

4. Budget: The last decision node is the actual cost of using the model. There are two
types of cost that depend on whether the model is self-hostable: 1) cost per token
and 2) hardware cost to host the model. To make costs comparable across these
two types, we calculated the approximate cost per token for the self-hostable
models by dividing the total hosting cost of the model combined with the total
tokens that are used for the experiments.

Although this study only looks at four LLMs, we chose our models to be as gen-
eralizable as possible. In terms of size (small, large), budget, type (proprietary, open
source), and self-hosting capability, the resulting framework is applicable to models
with comparable features. We simulated four typical mobile development scenar-
ios to show practical applicability: Startup/Prototype Development: rapid iteration
with limited resources; Production/Enterprise Development: production systems
that must meet quality standards; and Self-Hosted/Privacy-Critical: requirements for
regulatory compliance.

3 RESULTS
3.1 RQ1and RQ2: TDP effectiveness for android and iOS

Test-driven prompting consistently improves performance across benchmarks
and models. Twelve out of 16 model-benchmark combinations outperformed base-
line accuracy, while the other four matched baseline performance, as seen in Figure 2.
GPT40 on HumanEval Swift with TDP had an accuracy of 84%, while GPT4omini
on MBPP Java, baseline, had an accuracy of 62%. We statistically tested 4,352 eval-
uations to determine TDP’s generalizability across mobile development languages.
TDP increased accuracy by 2.22% on average (95% CI: 1.22-3.23%). The normal
distribution was confirmed by a paired t-test, which also showed a practical effect
size (d = 0.3974) and high statistical significance (p < 0.001). Every model underper-
formed HumanEval on MBPP, suggesting that the benchmark is more complex. TDP
demonstrated greater efficacy on complex problems, as evidenced by its notable
gains on MBPP (+3.42%) in comparison to HumanEval (+1.03%). For remediation
multi-attempt performance, the pattern is comparable but less obvious. Out of 16
model-benchmark combinations, TDP performs better than baseline in 11 of them,
similarly in 2, and worse in 3. Performance varies from 64% (Qwen 2.5 14B Coder on
MBPP Java, baseline) to 90% (GPT40 on HumanEval Swift, baseline). TDP results
in a statistically significant increase in average accuracy of 1.98% (95% CI: 0.91-
3.05%, p < 0.0012), even though the effect size is small (d = 0.2911). Nevertheless,
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TDP’s relative advantage is diminished by iterative error feedback, which also
reduces baseline prompting effectiveness. Language-specific performance variabil-
ity varies significantly: baseline prompting produces an overall accuracy range of
62%-92.7%, whereas Python-based benchmarks (such as HumanEvalPlus) display
more constrained ranges (86.90%-91.30%). This implies that LLMs are less receptive
to TDP engineering in mobile contexts and handle Java and Swift less skillfully than
Python. Given that these benchmarks evaluate basic programming abilities, LLMs
probably have a harder time with intricate, platform-specific mobile development,
which calls for mobile developers to carefully examine LLM-generated code.

Benchmark Results
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Fig. 2. Comparison of TDP accuracies and baseline prompt accuracies across benchmarks and models

Note: Accuracies are shown on a scale of 60 to 95 to emphasize the relative differences between each
experiment.

3.2 RQ3:Android and iOS detailed analysis

Our objective is to offer a framework for choosing models in mobile development.
To find platform-specific traits and create a suitable decision tree, we independently
examined the code fori0OS and Android. The average MBPP and HumanEval accuracies
for each model are shown in Table 2 for Android and Table 3 for iOS, which contrasts
remediation multi-attempt accuracies (R.Acc) with first-attempt accuracies (Acc @1).
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Across all models, TDP continuously performs better than baseline prompting for
Android (positive Delta values). GPT4o performs best in remediation evaluations
(78.72% baseline, 80.36% TDP) and first-attempt evaluations (73.56% baseline, 75.81%
TDP). Qwen 2.5 Coder 14B performs the worst in remediation (71.81% baseline,
73.49% TDP), while GPT4omini has the lowest first-attempt accuracy (66.85% baseline,
70.74% TDP). Across all models and evaluation types, i0S exhibits comparable trends
with consistently higher accuracies. This might be because Swift is more common in
LLM training data than Java for Android. The best performer is still GPT4o0 (remedial:
86.92% baseline, 88.87% TDP; first attempt: 79.14% baseline, 81.04% TDP). The models
with the lowest performance range from Qwen 2.5 Coder 14B for TDP first attempt and
all remediation evaluations (76.42% baseline, 78.07% TDP) to GPT4omini for baseline
first attempt (71.81%). On both platforms, four recurring patterns are evident: (1) TDP
continuously outperforms baseline prompting, (2) GPT40 performs better across the
board, (3) Qwen 2.5 Coder 32B comes in second overall, and (4) GPT4omini performs
worse in first-attempt evaluation but outperforms Qwen 2.5 Coder 14B in remediation.

Table 2. Android averaged accuracy

Base Ac@l TDP Ac@1 Delta Base R.Ac TDP R.Ac Delta

GPT40 73.56% 75.81% +2.24 78.72% 80.36% +1.63
GPT4omini 66.85% 70.74% +3.89 73.61% 74.64% +1.03
Qwen 32B 73.74% 75.16% +1.42 77.45% 78.56% +1.68
Qwen 14B 71.68% 73.23% +1.55 71.81% 73.49% +1.10

Notes: The accuracy for each model is the average accuracy of all benchmarks. TDP Ac@1 is the first
attempt accuracy, while R.Ac is the remediation multi-attempt accuracy.

Table 3. i0S Averaged accuracy
Base Ac@l TDP Ac@1 Delta Base R.Ac TDP R.Ac Delta

GPT4o0 79.14% 81.04% +1.89 86.92% 88.87% +1.95
GPT4omini 71.81% 75.47% +3.66 71.18% 80.72% +3.54
Qwen 32B 76.11% 78.25% +2.14 82.68% 85.97% +1.26
Qwen 14B 73.70% 74.34% +0.63 76.42% 78.07% +1.64

Notes: The accuracy for each model is the average accuracy of all benchmarks. TDP Ac@1 is the first
attempt accuracy, while R.Ac is the remediation multi-attempt accuracy.

4  DISCUSSION

A single decision framework shown in Figure 3 is adequate for both systems due
to the comparable performance patterns of the iOS and Android platforms. Since LLM
selection may be influenced by additional factors outside the purview of this study, this
framework helps developers think through their unique use of cases and constraints
without acting as a strict prescription. The usefulness of the framework is demonstrated
by three application scenarios. GPT-40-mini, which achieves 70.75% first-attempt TDD
accuracy (74.65% with remediation) for Android at $0.74 per million tokens, is the best
option for prototype development with limited funding and no first-attempt correct-
ness requirements. This allows for quick iterations with controlled API costs. Second,
at $12.5 per million tokens, GPT-40 Multi-Attempt offers 80.68% remediated accuracy
(73.74% first-attempt) for production enterprise applications that prioritize maximum
quality. Meanwhile, organizations that need data security can use managed GPT-40
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API services or self-host Qwen 2.5 Coder 32B for $5/hour. Finally, Qwen 32B Multi-
Attempt (73.74% first-attempt, 78.88% remediated accuracy, $5/hour) or Qwen 14B
Multi-Attempt (71.68% first-attempt, 73.50% remediated accuracy, $1.8/hour) can be
self-hosted by organizations with strict data privacy requirements, like financial and
healthcare institutions, providing a 64% cost reduction while maintaining compliance.
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Fig. 3. Model selection framework considering correctness, budget, and self-hosting
Note: Accuracy from Tables 2 (Android) and 3 (i0S): column 3 (first-attempt), column 5 (multi-attempt

with remediation).
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Since the models are selected in a factorial 2x2 design that considers model size
(large and small) and model types (proprietary and Open Source) which are one
of the most common considerations for developers, the model decision framework
would generalize to scenarios beyond the selected models in this study. Our consid-
eration for generalizability is important considering the fast and rapid pace of LLM
development in industry and academia, as every year there seem to be better and
more efficient models [31].

5 CONCLUSION

The prompt engineering method known as TDP was primarily studied in Python.
This is the first time that TDP has been empirically studied in mobile development
with Java and Swift. We performed 8,704 evaluations across 544 programming tasks
(HumanEval, MBPP) using two prompting strategies (base, test-driven) and four
LLMs (GPT-40, GPT-40-mini, Qwen 14B, Qwen 32B). The average accuracy increase
of +2.22 pp over baseline was statistically significant for TDP (95% CI [1.22-3.23 ppl,
p <0.001, d = 0.3974). Regardless of model size or type (proprietary vs. open-source),
our analysis shows that LLMs perform significantly worse in mobile development
(66.85%-88.87%) than Python-based code generation (86.90%-91.30%). In mobile
programming languages, LLMs also exhibit decreased responsiveness to TDP.
We offer useful guidance for choosing use cases (max accuracy vs. budget vs. self-
hosted) and platform-specific suggestions. In conclusion, our study indicates that
TDP is a reliable and practically sound prompt engineering method for creating
mobile applications. Because it reuses test cases that are already required in pro-
fessional software engineering practices, its main benefits are its low implementa-
tion overhead and seamless integration with current development workflows. As
a result, we advise both researchers and practitioners to think of TDP as a stan-
dard part of LLM-assisted mobile development approaches. Since this study only
looked at mobile native programming languages, future research should look at
cross-platform frameworks such as React Native and Flutter. Furthermore, the scope
of this study was restricted to fundamental principles of mobile development, specif-
ically those requiring resource optimization, platform-specific API integration, and
strict compilation requirements.

6  DECLARATION OF GENERATIVE AI AND AI-ASSISTED
TECHNOLOGIES IN THE WRITING PROCESS

During the preparation of this work, the author(s) used Claude 4.5 Sonnet in
order to enhance grammatical accuracy, refine the writing style, and adjust the tone
to align with academic conventions, while also developing the boilerplate code for
generating publication-quality plot figures. After using this tool/service, the author(s)
reviewed and edited the content as needed and take(s) full responsibility for the
content of the publication.
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