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Abstract
Unit tests are a fundamental component of modern software de-
velopment. Besides their role in verifying the correctness of code,
developers also rely on them to document and specify the expected
behavior of methods and functions. We argue that Large Language
Models (LLMs) can also benefit from them to generate correct
source code. This paper investigates to what extent unit tests can
improve method generation when they are provided as context to
LLMs. For this, we designed a prompting approach that iteratively
provides mutation-selected unit tests to the model, requesting it
to reconstruct the implementation of a given method based on the
provided tests. We generated new implementations for 35 methods
from two popular open-source JavaScript/TypeScript repositories,
and evaluated their functional equivalence against their original
implementations. Our results show that the pass rate improves as
tests are added, with gains of up to 95 p.p. over the no-test baseline
of the same method, showing that unit tests are a valuable source
of information for LLMs when generating code.

Keywords
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1 Introduction
Automated tests are a cornerstone for modern software develop-
ment. Developers rely on them to verify the correctness of new
features under implementation [3], detect regressions during soft-
ware maintenance [11], and ensure the shipped product meets the
expected quality standards. Automated tests come in many flavors,
such as unit, integration, and system tests, each fulfilling different
purposes and levels of granularity [3, 5, 25].

Unit tests play a central role by verifying individual methods and
functions in isolation, thus making them the most common type of
automated test in software projects [3]. Beyond their verification
purpose, unit tests also define the interface and intended behavior
of the methods under test, providing concrete examples about how
they should be called and which results are expected given certain
inputs [12, 26]. This dual role has enabled development approaches
such as Test-Driven Development (TDD), where tests describing
the expected behavior and interface for given a method are written
before its implementation, thereby satisfying method’s correctness
and specification simultaneously.

Since they first emerged, Large Language Models (LLMs) have
shown remarkable capabilities at source code generation [4, 22].
This potential has been explored in the literature, with studies
investigating the use of LLMs for generating code from natural
language descriptions [19], tests from code [22], and even migrating

code between programming languages and components [1, 20].
Yet, generating source code with quality and precision remains a
challenge [17].

In the same way developers rely on unit tests as a behavior and
structure reference to implement new features from tests, we ad-
vocate LLMs can take advantage on the contextual information
provided by unit tests to generate methods that are more likely to
satisfy the expected syntax and behavior. To put this hypothesis
to the test, we evaluate to what extent unit tests can improve
method generation by LLMs when provided as context. We de-
signed a prompting approach, called Test-Driven Prompting, that
iteratively requests the model to reconstruct the implementation
of a given method based on a set of relevant tests. This experiment
was conducted with two models from the Gemini family, regener-
ating the source code of 35 methods from two popular open-source
JavaScript and TypeScript repositories. We then measured the qual-
ity of these generated methods by executing the full test suite of
their original implementation.

After executing 516 experiments across the two repositories, we
observed that providing pre-existing tests is most beneficial for
methods with non-trivial logic and low baseline pass rate, where
gains reach up to 95 p.p. over the baseline of the same method,
while well-covered methods show marginal or no improvement.
We also observed weak tendencies relating a higher number of
assertions per test case to higher pass rates, and longer test cases
to lower ones.

The contributions of this paper are threefold. First, we present
Test-Driven Prompting, a prompting approach that incrementally
provides permuted subsets of pre-existing unit tests as context to
LLMs for method generation. Second, we filter that context by mu-
tation testing, keeping only the tests that kill at least one mutant in
the method body. Third, we provide empirical evidence on to what
extent unit tests can improve method generation quality when pro-
vided as context, and which structural characteristics of unit tests
are more informative for the model. The remainder of this paper
is organized as follows. Section 2 presents the research questions
guiding the study. Section 3 describes the study design, covering
project selection, method and test selection, the models evaluated,
and the Test-Driven Prompting workflow. Section 4 reports the
results for each research question. Section 5 discusses threats to
validity. Section 6 reviews related work. Section 7 concludes the
paper and outlines directions for future work.

2 Research Questions
The goal of this work is to evaluate the influence of unit tests on
the task of method generation using LLMs. Inspired by the Goal-
Question-Metric (GQM) approach [2], we propose three research

https://orcid.org/0000-0002-3371-7353


VEM 2026, September 11, 2026, São Paulo, SP, Brazil Lima and Montandon

questions that share a single metric, the test case pass rate (Sec-
tion 3.5), and vary one factor each: the amount of context (RQ1),
the structural characteristics of the tests in it (RQ2), and the model
(RQ3). Here, a relevant test is one that, under mutation testing, kills
at least one mutant injected into the method under test (Section 3.3).

RQ1. How Does Method Generation Evolve As Unit Tests Are Added?
To answer this question, we designed Test-Driven Prompting, an
approach that repeatedly requests the model to generate a given
method from a subset of its relevant tests (Section 3.5). For each
iteration, the number of tests provided in the prompt grows from
none up to all relevant tests, one test at a time. This strategy allows
us to quantify the impact throughout the progressive addition of
tests, identifying saturation points where additional tests no longer
yield significant improvements, or even detect negative effects due
to prompt overload.

RQ2. Which Structural Characteristics Of Unit Tests Contribute Most?
In this question, we analyze which structural characteristics of
typical unit tests are more informative for the model when provided
as context. For each relevant test, we collect (a) number of lines; (b)
number of assertions; and (c) number of variables, and correlate
them with their individual contribution to the test case pass rate.
This way, we can observe which of these characteristics are more
effective as specifications for method generation.

RQ3. How Do Gemini 2.5 Flash And Gemini 3 Flash Preview Com-
pare In Method Generation? The goal of this question is to compare
these two specific models, one from each of two consecutive gen-
erations of the Gemini family. Specifically, we executed the full
experiment for each model separately, but with the same set of
relevant tests. We then compare the pass rate difference between
each test configuration, and analyze which model performs better.

3 Study Design
Our experiment is designed in a four-step workflow: (a) project
selection; (b) selection of methods under test; (c) identification of
relevant tests; and (d) method generation. Figure 1 depicts these
steps, which are detailed below.

3.1 Project Selection
For this empirical study, we limited our analysis to JavaScript and
TypeScript repositories, as these languages are widely used in the
industry and have many popular projects with comprehensive test
suites, essential for our evaluation. On October 1, 2025, wemanually
assembled an initial set of 22 open-source JavaScript and TypeScript
repositories based on our perception of relevance within their re-
spective ecosystems. Each candidate was then evaluated against
the following criteria, applied in sequence:

• Popularity: having a minimum of 30,000 GitHub stars, as
projects with greater adoption and maturity tend to be used
in real-world scenarios, favoring the applicability of the re-
sults;

• Domain diversity: falling into one of the following domains:
platform, library, framework, or back-end service, as this
ensures that results are not biased by characteristics specific
to a single type of system;

• Executability: having a test suite that is executable in a local
environment with all tests passing, ensuring our experiment
can be executed successfully;

• Coverage: having at least 200 methods with 100% line, state-
ment, and branch coverage, as this threshold ensures a suffi-
ciently large set to support the subsequent method selection
for our experiment.

Among the 22 repositories evaluated, only two met all crite-
ria and were selected for the experiments. Table 1 presents their
characteristics.

Table 1: Repositories selected for the experiments

Repository Domain Stars Eligible methods∗

date-fns [7] Library 36,152 234
Directus [9] Back-end service 32,874 309

∗Methods with 100% line, statement, and branch coverage.

3.2 Method Under Test Selection
Since we depend on the pre-existing test suite to properly generate
methods equivalent to their original implementation, we must en-
sure that the methods included in our experiment are well-covered
by their respective test suites. To this end, we selected methods
that met the following criteria:

• Suite uniqueness: being referenced by only one test suite
file, avoiding methods whose tests belong to suites not di-
rectly related to their behavior;

• Test count: having more than five tests in the suite, as this
is considered the minimum number required to ensure vari-
ability across experiments;

• Test coverage: achieving 100% line, statement, and branch
coverage, ensuring that all execution paths of the method
are exercised by the tests.

3.3 Relevant Test Selection
As our approach heavily relies on the tests provided as context, we
must select tests that are relevant to the method being generated. Ir-
relevant or poorly written tests can introduce noise into the prompt,
thus negatively impacting the model’s performance [17]. To ensure
we are feeding the model with proper tests, we apply Mutation
Testing [8] to identify which tests do effectively the behavior of the
method under test.

For this, we executed Mutation Testing using the StrykerJS
tool [24] for each method, and recorded which tests were able
to detect at least one mutant in the method body. Afterwards, we
filtered the methods based on the number of relevant tests, retaining
only those with at least three relevant tests; this threshold ensures
that our Test-Driven Prompting approach can be executed at
least three times for the same method. Table 2 presents the final set
of methods and their relevant tests per repository, which will be
used in the experiments.
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Figure 1: Overview of the study design.

Table 2: Final set of methods and their relevant tests per
repository

Repository Selected methods Relevant tests

date-fns 23 112
Directus 12 76

Total 35 188

3.4 Selected LLMs
The experiments were conducted using two models from Google’s
Gemini family: gemini-2.5-flash [6, 13] and gemini-3-flash
-preview [14]. The choice of this model family was guided by three
main characteristics: (a) a long context window (1 million tokens),
allowing multiple relevant tests to be provided in the method gen-
eration prompt without truncation; (b) accessibility, as both models
are available via API with a free usage tier [15]; and (c) they are
considered state-of-the-art models provided as a service, with con-
sistent results across software development tasks.

We opted for two models from the same family to keep character-
istics such as context window and API constant. The gemini-2.5
-flash model was configured without thinking support (thinking
_budget: 0), whereas gemini-3-flash-previewmust have think-
ing enabled and was set to thinking_level: low, the second low-
est level available [16]. All experiments were conducted on the
same day—May 28, 2026—to ensure that both models were queried
under the same service conditions.

3.5 Test-Driven Prompting Workflow
Here we describe in detail the Test-Driven Prompting workflow,
a prompting strategy designed to evaluate the influence of unit tests
on method generation by LLMs. In essence, this approach mimics
the first step of the red-green-refactor cycle of TDD where, given
a set of tests previously written for a method, a developer would
implement the method in order to make those tests pass. In our
case, the LLM takes the role of the developer and generates the
method body based on the context provided by the relevant tests.

Workflow Overview. Considering a tuple ⟨𝑚𝑖 ,𝑇𝑖⟩ where 𝑚𝑖 is a
method selected for the experiment (Section 3.2) and𝑇𝑖 is the set of
relevant tests for that method (Section 3.3), the workflow applies
the following steps.

1 Experimental Scenario Generation. Let 𝑛 = |𝑇𝑖 |, i.e., the num-
ber of relevant tests for method𝑚𝑖 . We generate 𝑛+ 2 experimental
scenarios by varying the subset of tests provided as context:

• No relevant tests (baseline): no tests are provided as con-
text.We use this scenario as a baseline tomeasure themodel’s
performance without any relevant tests, allowing us to quan-
tify the impact of providing tests as context;

• Permuted relevant tests: we generate 𝑛 different configu-
rations of relevant tests to be passed as context to the model.
Each configuration is a permutation of 𝑘 tests randomly sam-
pled without replacement from 𝑇𝑖 , with 𝑘 ranging from 1 to
𝑛;

• All relevant tests: the complete set 𝑇𝑖 (𝑛 tests) is provided
as context in its original order.

2 Prompt Construction. We assemble a two-part prompt follow-
ing the template shown in Figure 2. The system prompt is fixed
across all scenarios. The user prompt contains three sections: the
name of the method to be reconstructed ({{method_name}}), the
full content of the implementation file with the method body re-
moved ({{implementation_file}}), and the subset of relevant
tests provided as context ({{relevant_tests_subset}}).

3 Reconstruction and Evaluation. We submit the prompt to
the model, which returns the reconstructed method body. We dy-
namically injected the generated body of𝑚𝑖 into the source code
file via the AST processor (ts-morph [23]), and replaced its original
implementation. The full test suite associated with𝑚𝑖 is then ex-
ecuted on the new generated method; cases where the body can
not be parsed, or where suite execution yields a syntax error, are
flagged as compilation failures.

We rely on the test suite execution results to evaluate the quality
of the generated method. Specifically, we recorded the number of
passing and failing test cases and calculated the test case pass rate
for each experimental scenario. The generatedmethod is considered
equivalent to its original implementation if it passes all test cases
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Prompt Template

You are an expert software developer specialized in
reconstructing method implementations in a strict TDD workflow.
Reconstruct only the method body using exclusively the provided
inputs. Constraints: (i) preserve the original signature; (ii)
use no external knowledge; (iii) use only symbols present in the
provided file; (iv) output only the method body, with no
Markdown fences or explanatory text.

# Method Name
{{method_name}}

# Method File Content Without Method Body
{{implementation_file}}

# Context
{{relevant_tests_subset}}

Figure 2: Prompt template used in each LLM request.

in the suite; note that the original method is guaranteed to pass all
tests (Section 3.2).

4 Results
Table 3 presents the consolidated results of the 516 executions (188+
2× 35 = 258 scenarios per model), organized by repository. Overall,
the models achieved a test case pass rate of 69.7%, a compilability
rate of 75.2%, and a fully passing suite rate of 22.3%, across the 35
evaluated methods. Directus achieved higher performance over
all metrics, with 45.8% of its experiments passing all test cases, a
test case pass rate of 83.4% on average, and a compilability rate of
83.3%; date-fns showed lower and less consistent performance,
with 23.9% of its experiments passing all test cases, a test case pass
rate of 66.0% on average, and a compilability rate of 71.7%.

Table 3: Overall results by repository.

date-fns Directus

Fully passing suite rate 23.9% 45.8%
Test case pass rate 66.0% 83.4%
Compilability rate 71.7% 83.3%

4.1 RQ1. How Does Method Generation Evolve
As Unit Tests Are Added?

Figure 3 presents the distribution of the test case pass rate for
each project, separated by the number of relevant tests provided as
context. The maximum number of relevant tests per method is 9 in
date-fns and 19 in Directus, with the median being five for both.

date-fns. The test case pass rate shows a slight but consistent im-
provement in the beginning, reaching its peak at 𝑁 = 5 (84.5%,
median). The effectiveness then reduces for scenarios with higher
number of tests; the median drops to 73.8% at 𝑁 = 6 and oscillates
between 76.2% and 85.5% for further configurations.

Directus. The test case pass rate shows a more regular and consis-
tent improvement as more tests are provided. Starting from 62.5%

(𝑁 = 0), themedian of test case pass rate suddenly increases to 86.4%
at 𝑁 = 4, and remains above 80% for all subsequent configurations,
reaching 100% at 𝑁 = 17 and 𝑁 = 19. We observe an even clear im-
provement for the lowest quartile—boxplot whiskers—which starts
at 25% (𝑁 = 0) and reaches 100% (𝑁 = 19).

4.2 RQ2. Which Structural Characteristics Of
Unit Tests Contribute Most?

We analyzed structural characteristics of the relevant tests and
mapped them to the test case pass rate obtained previously. We
considered three characteristics: (a) number of lines, (b) number
of assertions, and (c) number of variables. We also calculated the
Pearson correlation coefficient between each characteristic and
the test case pass rate, to quantify the strength of the relationship.
Figure 4 presents this distribution for each repository.

Test Case Size. We observe a weak negative correlation between the
number of lines of the test case provided as context and the test case
pass rate in both repositories (𝑟 = −0.08 in date-fns; 𝑟 = −0.16 in
Directus). Lower pass rates concentrate in test cases exceeding
10 lines in both repositories: in date-fns, from the 11-15 group
onward, and in Directus, in the same range and more visibly above
15 lines.

Number of Assertions. The number of assertions presents distinct
behaviors across repositories. In date-fns, the range is narrow (1
to 3 assertions) and the vast majority of test cases have only one
assertion, making the trend line practically flat (r = 0.01). Differently,
Directus presents a varied number of assertions, ranging from one
to eight. For this repository, we observe a weak positive correlation
between the number of assertions and the test case pass rate (𝑟 =
0.14), suggesting that test cases with more assertions provide richer
behavioral information to the model.

Number of Variables. We observe weak correlations in opposite
directions across repositories (𝑟 = 0.13 in date-fns; 𝑟 = −0.19 in
Directus). The absence of a consistent direction and of stronger
coefficients indicates that the effect of this characteristic is incon-
clusive.

4.3 RQ3. How Do Gemini 2.5 Flash And Gemini
3 Flash Preview Compare In Method
Generation?

To answer this question, we compare both models over the 𝑛+1 dis-
tinct scenarios of each method: the baseline, with no tests, and the
𝑛 permuted subsets of relevant tests. Such comparison is possible
since both models were executed over identical scenarios, allowing
a direct comparison of their performance. Figure 5 presents the per-
formance difference—measured as the delta in test case pass rate—
between gemini-3-flash-preview and gemini-2.5-flash for
each scenario. For each repository, we ordered the scenarios by the
delta value, keeping themost favorable cases for gemini-2.5-flash
in blue on the left, and the most favorable ones for gemini-3
-flash-preview in yellow on the right.

date-fns. Of the 135 scenarios with test context, 90 (67%) show
a positive delta, indicating gemini-3-flash-preview performs
better. This superiority is also notable in magnitude, as the delta
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Figure 3: Distribution of the test case pass rate × Number of tests in context.
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Figure 4: Test pass rate for each permutation by the structural characteristics of the tests.

towards gemini-3-flash-preview is higher than 60% for 48 sce-
narios, reaching 95.5% in the most favorable one. By contrast,
gemini-2.5-flash performs better in only 14 scenarios, with a
maximum delta of 66.7%. Both models achieve equivalent perfor-
mance in 31 cases.

Directus. Of the 88 scenarios with test context, gemini-3-flash
-preview performs better in 34 cases, gemini-2.5-flash in 15, and
both achieve the same performance in 39; a more balanced distribu-
tion than in date-fns. However, the delta magnitude substantially
favors gemini-3-flash-preview. While it reaches a maximum



VEM 2026, September 11, 2026, São Paulo, SP, Brazil Lima and Montandon

Scenarios

50%

0%

50%

100%

 T
es

t C
as

e 
Pa

ss
 R

at
e 

(%
) date-fns

Gemini 3 Flash Preview wins
Gemini 2.5 Flash wins

Scenarios

20%

0%

20%

40%

 T
es

t C
as

e 
Pa

ss
 R

at
e 

(%
) directus

Gemini 3 Flash Preview wins
Gemini 2.5 Flash wins

Figure 5: Performance divergence between models per sce-
narios.

delta of 54.5%, gemini-2.5-flash reaches only 28.6%, about half
the advantage of the other model.

5 Threats To Validity
Test Suite Quality. The test suites used in this experiment were
implemented by project maintainers, and their quality and coverage
may vary. To mitigate this risk, we developed a strategy based on
mutation testing to identify and select tests that actually evaluate
the behavior of the methods under analysis, thus ensuring the tests
provided as context are meaningful.

Limitations of the Permutation Strategy. Our permutation strategy
generates sets of relevant tests based on independent random sam-
pling, i.e., the selected tests at first context sizes may include tests
with lower representativeness. In this case, part of the variation
observed across context sizes may reflect which tests were sampled
rather than howmany.We fixed no random seed, but the replication
package stores every prompt, making the exact subsets replayable.

Repository Selection Bias. We manually assembled the initial pool of
repositories based on our perception of relevance and selected only
methods fully covered by their test suites, which may bias the sam-
ple toward well-known, well-maintained projects and well-tested
methods. Therefore, our experiment results may not generalize to
other repositories, programming languages, or methods with lower
test coverage.

Training Data Contamination. Both repositories are popular open-
source projects, so their implementations may have been part of the
models’ training data. The 62.5% median pass rate of Directus at
𝑁 = 0 is compatible with memorization, though also with inference
from the implementation file we provide.

Model Selection and Reproducibility. We analyzed two models from
the same family, thus the results may not generalize to others.
Both are served through closed APIs with no version identifier, so
re-executing our scripts may not reproduce these numbers; the

replication package ships every prompt and response, keeping the
analysis reproducible.

6 Related Work
Mathews and Nagappan [21] show that providing LLMs with test
cases alongside problem statements improves code generation out-
comes on programming challenges. The present work extends this
to production repositories, evaluating method generation where
pre-existing test suites are the sole behavioral specification.

Fakhoury et al. [10] propose TiCoder, an interactive workflow
that uses tests to clarify user intent, showing through a user study
that iterative test-based feedback improves code generation accu-
racy across multiple LLMs within a few interactions. The present
work instead evaluates single-shot generation,measuring themodel’s
ability to interpret pre-existing tests as specification without refine-
ment cycles.

Jia and Harman [18] surveymutation testing as a fault-based test-
ing technique. Unlike structural coverage criteria, which only verify
that code paths are executed, mutation testing assesses whether
tests can distinguish different program behaviors. The present work
leverages this property to select the tests provided as context, keep-
ing only those that discriminate the method’s behavior.

7 Conclusion
This work investigated how, and to what extent, unit tests im-
prove method generation by LLMs when provided as context in the
prompt. To this end, we designed an iterative prompting strategy—
called Test-Driven Prompting—that feeds the model with an
increasing number of relevant unit tests for the method to be gen-
erated, and evaluates whether the generated method is functionally
equivalent to its original implementation. We performed a con-
trolled experiment with two state-of-the-art LLMs and two open-
source repositories. After analyzing 35 methods with pre-existing
test suites and 516 executions, we found that providing unit tests as
context consistently improves the quality of the method being gen-
erated. The highest gains are observed in methods which presented
low pass rates without tests. Regarding models, gemini-3-flash
-preview outperformed gemini-2.5-flash in most scenarios.

As future work, we intend to (a) extend this experiment in other
ecosystems; (b) add more, open-weight, models to the study; and
(c) improve our strategy to include a feedback loop with test failures,
enabling the model to refine its implementation from this feedback.

Artifact Availability
The replication package for this study is available at https://doi.org/
10.5281/zenodo.21183486, including the scripts for data collection
and analysis, as well as the raw data and results of the experiments.
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