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Abstract
Statistical fault localization (SFL) techniques use test coverage to
rank suspicious program elements. However, they often suffer from
low precision when tests contain multiple assertions or unrelated
code that obscures the relationship between test outcomes and
faulty code. Test case purification addresses this problem by trans-
forming complex test cases into simplified, single-assertion variants.
We present PYURIFY, a tool that implements test case purification
for Python through two steps: first, atomization splits each test
with multiple assertions into separate single-assertion tests; second,
dynamic program slicing removes code irrelevant to each assertion.
This purification process produces cleaner test spectra, enabling SFL
techniques to pinpoint faulty code more accurately. PYURIFY pro-
vides both a command-line interface and a Python API for seamless
integration with existing testing and fault localization workflows.
Our evaluation of real Python bugs demonstrates that test case
purification consistently improves fault localization accuracy.

CCS Concepts
• Software and its engineering→ Software testing and debug-
ging; Software maintenance tools; • General and reference→
Metrics; Measurement.
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1 Introduction
When a test fails, developers must locate the fault in their code, a
task that can be time-consuming and error-prone. Statistical fault
localization (SFL) techniques [1, 8] aim to accelerate debugging by
ranking program elements according to their correlation with test
failures. However, SFL effectiveness depends on the quality of test
spectra: noisy test cases can obscure the relationship between code
execution and failures.

A common source of noise is that tests often contain multiple
assertions and unrelated code. When such a test fails, SFL treats
the entire execution as equally relevant, even though only a sub-
set contributes to the failing assertion. Test case purification [29]
addresses this by transforming multi-assertion tests into focused,
single-assertion variants through atomization (splitting tests) and
slicing (removing irrelevant code). While test case purification was
initially proposed and evaluated for Java programs, no practical
implementation exists for Python, which has become dominant
in many software domains, including data science and machine
learning. Python’s dynamic nature and distinct execution model
present unique challenges for implementing test case purification.

We present PYURIFY (Test Case Purification), an open-source tool
that brings test case purification to the Python ecosystem. PYURIFY

combines test case atomization with dynamic slicing to generate
purified test cases that improve the effectiveness of statistical fault
localization. Additionally, PYURIFY incorporates a refined ranking
strategy that combines traditional suspiciousness scores with cov-
erage ratios from purified tests, as proposed by Xuan et al. [29]. The
tool is designed for practical use with both a simple command-line
interface and a programmatic API, allowing seamless integration
into existing debugging workflows. PYURIFY is intended for both re-
searchers and practitioners who wish to improve fault localization
and debugging in Python projects.

Overall, this paper makes the following contributions:
Practical test case purification for Python. A robust implemen-

tation that handles pytest-based test suites with automatic
detection of assertions and test structure.

Efficient dynamic slicing. A dynamic slicing algorithm based
on execution tracing and data-flow analysis that removes
irrelevant code while preserving test semantics.

Seamless integration. PYURIFY can be easily integrated through
a command-line interface, Python API, and compatibility
with standard fault localization frameworks.

An empirical evaluation. PYURIFY is evaluated on real bugs from
popular Python projects, demonstrating consistent improve-
ments in fault localization metrics.

An open-source tool. PYURIFY is available as open source.
The remainder of this paper is organized as follows. Section 2

provides background on statistical fault localization, and Section 3
explains the test case purification approach. Section 4 describes our
Python implementation, and Section 5 demonstrates the tool’s us-
age. Section 6 presents our empirical evaluation. Section 7 discusses
threats to validity. Section 8 reviews related work, and Section 9
concludes with future work.

2 Statistical Fault Localization
Statistical fault localization (SFL) techniques rank program elements
according to their correlation with test failures. These techniques
collect test coverage spectra indicating which program elements
(lines, statements, or branches) are executed by each test. For each
program element, a suspiciousness score is computed based on
how often the element appears in failing versus passing test execu-
tions. Common suspiciousness formulas include TARANTULA [8],
OCHIAI [1], and jaccard [3]. The effectiveness of SFL depends
critically on the quality of test coverage spectra. When test cases
contain multiple assertions and unrelated code, the coverage spec-
tra become noisy. A failing test with multiple assertions provides
an ambiguous signal: the entire test execution is marked as fail-
ing, even though only a subset of the executed code is relevant to
the specific assertion that failed. This noise dilutes the correlation
between code coverage and actual faults, reducing the accuracy
of suspiciousness rankings. Test case purification addresses this
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limitation by refining test cases to produce cleaner, more precise
coverage spectra that better isolate fault-relevant code.

3 Test Case Purification
Test case purification [29] is a technique that refines test cases to im-
prove the quality of coverage spectra used in fault localization. The
core insight is that a failing test with multiple assertions provides
an ambiguous signal: we know the test failed, but not necessarily
which assertion failed or which code is relevant to that specific
failure. By purifying tests into focused, single-assertion variants,
we can obtain more precise spectra that better correlate with actual
faults. This approach not only clarifies which code is responsible for
a failure, but also helps reduce noise in the suspiciousness scores
produced by fault localization tools. In practice, purification can
reveal subtle bugs that would otherwise be masked by unrelated
assertions or setup code, making it a valuable preprocessing step
for automated debugging.

3.1 Motivating Example
Consider a simple calculator module with a bug in the multiplica-
tion function shown in Figure 1. The original test checks multiple
operations, but when it fails, traditional SFL sees that all lines were
executed before the failure. The suspiciousness score for add and
multiply will be similar because the failing test covered both func-
tions. Moreover, the setup code (x = 2, y = 3, sum_result = …)
appears just as suspicious as the actual bug. After purification, we
obtain one single-assertion test case. Figure 1c shows the purified
test for the multiplication assertion. The spectrum now clearly
shows that only multiply is relevant to this failure.

3.2 Framework
The test case purification framework consists of three phases. First,
atomization splits each failing test with 𝑘 assertions into 𝑘 copies,
each preserving one assertion and suppressing the others to avoid
premature termination. Only failing atomized tests proceed, so the
following analysis focuses on relevant failures.

Second, dynamic slicing removes statements that do not influ-
ence the failing assertion. Leveraging execution tracing, we keep
only statements that define variables used by the broken statement
or control whether it executes. The result is a purified test case that
retains only the code necessary to reach and evaluate the failing
assertion, often leading to much smaller, more focused test cases
that are easier to interpret and debug.

Third, rank refinement recomputes rankings using the purified
tests. For each program element 𝑠, we combine the normalized
suspiciousness score from a base SFL technique with the ratio of
purified tests that cover 𝑠. The final score is computed as score(𝑠) =
norm(𝑠) × 1+ratio(𝑠)

2 , which boosts elements that appear frequently
in purified failing tests while penalizing those that rarely appear.

3.3 When to Purify
Developers often group multiple assertions intentionally to validate
different facets of one behavior. Test case purification generates
derived tests as debugging artifacts for fault localization. Thus,
readability and maintainability of the production test suite remain
unchanged. However, atomization increases the number of derived

def add(a, b):
return a + b

def multiply(a, b):
return a * a # Bug

(a) Program under test

def test_calculator ():
x = 2
y = 3
sum_result = add(x, y)
assert sum_result == 5
prod_result = multiply(x, y)
assert prod_result == 6

(b) Original test

def test_calculator ():
x = 2
y = 3
prod_result = multiply(x, y)
assert prod_result == 6

(c) Purified test

Figure 1: Test case purification example. The program (a)
contains a bug in the multiplication function. The original
test (b) contains multiple assertions and unrelated code. The
purified test (c) focuses only on the failing assertion, making
the fault more apparent.

tests by at most the number of assertions in each failing test. Hence,
we recommend purification selectively, by running it only for failing
tests during debugging sessions, while keeping regression runs on
the original suite, keeping the workflow lightweight.

4 Implementation
PYURIFY is implemented in Python and addresses several challenges
unique to Python’s dynamic nature and its testing ecosystem. The
tool is compatible with common Python testing frameworks and
can be easily integrated into existing development workflows.

4.1 Test Case Atomization
The atomization phase uses Python’s abstract syntax tree (AST) to
transform test functions. For each test with 𝑘 assertions, we generate
𝑘 AST variants where one assertion remains unchanged (the target
assertion) and all others are wrapped in exception handlers. The
transformed AST is unparsed and written to separate files with
systematic names to track the target assertion.

A key challenge is preserving test semantics. Our implementa-
tion keeps pytest fixtures, parametrization decorators, class-based
organization, imports, and setup/teardown methods to ensure the
atomized tests maintain the same context as the original.
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4.2 Dynamic Slicing
We leverage Python’s settrace to collect execution traces. During
execution, we record data dependencies (which statement defines
each variable), control dependencies (which statements control
execution flow), and the execution order. This approach allows
us to accurately identify the minimal set of statements required
to reproduce the failure, even in the presence of complex control
flow or data dependencies. Tracing and dependency tracking add
runtime overhead proportional to executed statements; therefore,
PYURIFY is designed to run on failing tests as a diagnostic step
rather than on every test in every pipeline stage. We implement a
backward slicing algorithm that starts with the failing statement
and its variables, then recursively includes all statements that define
variable usages or control the path to the target.

4.3 Purified Test Generation
After slicing, we reconstruct purified tests from the atomized test
AST.We ensure that the purified test remains syntactically valid and
semantically equivalent for the failing assertion. The purified tests
are written to files, named to indicate their origin and the specific
assertion they target. A generated file contains only a single purified
test (without other interfering test functions) while maintaining all
necessary contexts.

4.4 Integration with SFL Tools
PYURIFY integrates with existing fault-localization tools by produc-
ing purified test files that pytest can execute. The tool outputs a
mapping from original test identifiers to purified test files, which
can be fed into SFL frameworks like SFLKit [25] to recompute
suspiciousness scores based on the refined spectra.

5 Usage
PYURIFY is designed for ease of use and provides both a command-
line interface for interactive debugging and a Python API for pro-
grammatic integration.

5.1 Installation
The tool is distributed via PyPI, and installation is a single command:
pip install pyurify

5.2 Command-Line Interface
The primary command-line tool is pyurify, which accepts several
parameters. Leveraging it, we can purify tests in a specified source
directory and output them to a destination directory, for example,
as follows:
pyurify -s tests/ -d purified/ \

-f "test_math.py:: test_calculator"

5.3 Python API
For integration into automated workflows or fault localization
pipelines, PYURIFY provides a Python API:
from pyurify import purify_tests

result = purify_tests(
src_dir=Path("tests"),

Table 1: SFL effectiveness of test case purification. For top-n,
higher is better; for EXAM and Wasted Effort, lower is better.

Formula Metric Avg TCP Avg Δ Impr.

TARANTULA

top-1 6.28% 7.03% +0.75% +11.9%
top-5 15.24% 15.98% +0.74% +4.9%
top-10 17.74% 17.15% -0.59% -3.3%
EXAM 0.214 0.204 -0.01 +4.6%
Wasted 912.7 892.6 -20.1 +2.2%

OCHIAI

top-1 6.85% 7.08% +0.23% +3.4%
top-5 15.16% 14.20% -0.96% -6.3%
top-10 17.06% 16.31% -0.75% -4.4%
EXAM 0.213 0.206 -0.007 +3.1%
Wasted 909.3 894.3 -15.0 +1.6%

dst_dir=Path("purified"),
failing_tests =["test_math.py:: test_calculator"],
enable_slicing=True ,

)

The API returns a dictionary mapping original test identifiers
to lists of (purified_file, param_suffix) tuples. Each tuple
contains the path to a purified test file and an optional parameter-
suffix for parameterized tests, enabling downstream processing and
integration with fault-localization tools.

6 Evaluation
We evaluate PYURIFY on real bugs from popular open-source Python
projects to answer the following research question:
RQ1: Does test case purification improve the effectiveness of

statistical fault localization on Python programs?
RQ2: What is the practical relevance of test case purification?

6.1 Experimental Setup
We evaluate PYURIFY on bugs from three widely-used projects:
FastAPI (a web framework for building APIs, 16 bugs), HTTPie
(a command-line HTTP client, 5 bugs), and TQDM (a progress bar
library, 9 bugs). These projects span diverse application domains
and contain real bugs that are exposed by existing test suites. The
bugs are obtained from Tests4Py [24], a benchmark for Python
program analysis research.

We evaluate two widely-used SFL formulas, TARANTULA [8]
and OCHIAI [1], implemented using SFLKit [25], a framework for
spectrum-based fault localization. We measure fault localization
effectiveness using three metrics: top-n (percentage of bugs where
the fault is in the top-n ranked elements), EXAM Score (percentage
of code that must be examined before finding the fault), and Wasted
Effort (number of statements examined before finding the fault).

6.2 Results
Table 1 presents the results comparing baseline SFL (Avg) with
test case purification (TCP Avg) for RQ1. We focus on average-case
results as they best represent realistic debugging scenarios.

Test case purification improves top-1 accuracy for both formulas.
For TARANTULA, top-1 increases from 6.28% to 7.03% (11.9% rela-
tive improvement), and for OCHIAI, it increases from 6.85% to 7.08%
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(3.4% relative improvement), meaning developers are more likely
to find the fault by examining the highest-ranked element first.
Both formulas also show reduced EXAM scores with purification:
TARANTULA’s EXAM score decreases from 0.214 to 0.204 (4.6% less
code to examine on average), and OCHIAI’s decreases from 0.2129
to 0.2063 (3.1% reduction). Similarly, purification reduces wasted
effort, with TARANTULA reducing from 912.7 to 892.6 statements
(20.1 fewer) and OCHIAI reducing from 909.3 to 894.3 statements
(15.0 fewer). While top-5 and top-10 metrics show mixed results,
the improvements in top-1 and EXAM are more valuable in prac-
tice, as developers typically start by examining the highest-ranked
elements. The improvements demonstrate that purified tests cre-
ate cleaner coverage spectra that better isolate fault-related code
from incidental test execution, enabling SFL formulas to rank faulty
elements more accurately.

6.3 Relevance and AI-Assisted Debugging
To answer RQ2, we consider the practical relevance of test case
purification in the current LLM-assisted debugging landscape. PYU-
RIFY is intended to complement, not replace, modern LLM-assisted
debugging. LLMs can suggest likely fixes from code and test output.
At the same time, purification provides a deterministic preprocess-
ing step that reduces irrelevant execution context before ranking
suspicious elements, particularly useful in settings where repro-
ducibility and auditability are required (e.g., CI pipelines), or where
large repositories and long test traces challenge LLM context limits.
Our results indicate modest but consistent gains in top-1 and effort-
based metrics, suggesting that purification is most valuable when
developers want a reliable first-ranked location to inspect quickly.

7 Threats to Validity
Our implementation may contain bugs; we mitigate this through
extensive unit testing that covers atomization and slicing, as well
as manual inspection of purified tests. Our evaluation is limited
to 30 bugs across 3 Python projects and 2 widely used SFL for-
mulas (TARANTULA and OCHIAI), which may not generalize to all
codebases or techniques. In particular, broader benchmarks such
as HaPy-Bug [20] are not yet included and may reveal additional
strengths or limitations. Dynamic tracing and data-flow analysis
introduce computational overhead; while we position PYURIFY as
an on-demand debugging step, a larger-scale runtime study is still
needed. The standard metrics (top-n, EXAM, Wasted Effort) enable
comparison with prior work, building confidence in our findings.

8 Related Work
Statistical fault localization techniques rank program elements by
their correlation with test failures and play a crucial role in auto-
mated repair [17, 21]. Early approaches like TARANTULA [8] and
OCHIAI [1] use coverage-based suspiciousness formulas. Numerous
variants and improvements have been proposed [5, 10, 19], with
different similarity coefficients and spectrum types (lines, blocks,
branches, paths [11, 34]).

Beyond coverage, richer program features for localization have
been explored. Data-flow features like definition-use pairs capture
state propagation [18, 22, 33]. Predicate-based approaches [15] track

branch outcomes and variable values. Call-graph features and exe-
cution patterns have also been investigated [26]. A recent study on
execution-feature-driven debugging [23] provides a comprehensive
comparison of these various types.

Several techniques improve fault localization by modifying or
augmenting test suites. Test prioritization and reduction select sub-
sets of tests that maximize diagnostic information while reducing
execution cost [4, 6, 7, 32]. Test generation techniques create new
tests that increase coverage diversity or resemble failing tests [2].

Test case purification [29], which our tool implements, trans-
forms tests to make them more focused. The original work by Xuan
and Monperrus demonstrated the effectiveness of purification on
Java programs using the Defects4J benchmark. Our work extends
this concept to Python, addressing unique challenges of Python’s
dynamic typing, pytest framework, and test transformation.

Recent work applies machine learning, including large language
models, to fault localization [9, 12–14, 16, 27, 28, 30, 31]. These ap-
proaches complement test purification, as purified tests can improve
the training data for learning-based techniques.

9 Conclusion and Future Work
We have presented PYURIFY, a practical tool for test case purification
in Python. PYURIFY implements test case atomization to split multi-
assertion tests into single-assertion variants, and dynamic slicing
to remove irrelevant code. This results in purified tests that yield
cleaner coverage spectra, enabling more accurate fault localiza-
tion. Our evaluation of 30 real bugs demonstrates that purification
improves key fault localization metrics.

Future work includes larger-scale evaluation on additional bench-
marks, systematic measurement of runtime overhead, and tighter
integration with LLM-assisted debugging workflows.

Data and Tool Availability
PYURIFY, including source code and evaluation scripts, is open-
source under the Apache License 2.0 and available at:

https://github.com/smythi93/pyurify
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