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Abstract
Flaky tests pass or fail non-deterministically on unchanged code,
eroding trust in test suites and inflating the cost of every failure.
Shaker detects them by injecting resource contention (CPU, mem-
ory, and I/O stress) to amplify non-determinism caused by con-
current execution, and was reported to detect 95% of the flaky
tests in a Java and Android benchmark against 37.5% for plain
re-execution (ReRun). We present the first empirical evaluation
of Shaker for Python. Drawing non-order-dependent flaky tests
from the ground-truth dataset of Gruber et al., we compare Shaker
against a budget-matched ReRun baseline in a paired design, giv-
ing both techniques the same number of test executions: Each of
137 tests is run 100 times under each. As configured for Java and
Android, Shaker provides no statistically significant detection ad-
vantage over plain re-execution (37.2% vs. 35.8%; McNemar exact
𝑝 = 0.84). Two findings explain why. First, fewer than half of the
ground-truth flaky tests reproduce as flaky at all on independent
hardware under either technique, and most of the tests that fail to
reproduce never diverge once across 100 runs. Second, the tests
that do reproduce are dominated by flakiness from network interac-
tions and randomness rather than the concurrency Shaker targets.
Beyond the tool, this exposes a broader hazard for the field: reusing
a flaky-test ground truth across execution environments silently
converts genuine flaky tests into apparent true negatives, deflating
any tool’s measured recall.
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1 Introduction
A test carries an implicit contract: For a given version of the code, it
should deterministically signal the presence or absence of a defect.
When that contract breaks down, so does developer trust in the test
suite. A flaky test is a test that produces non-deterministic pass or
fail verdicts without any change to the code under test, breaking
this contract [18, 22].

The consequences compound over time. When a test fails non-
deterministically, it is initially unclear whether a real bug has been
introduced or a flaky test has fired, forcing developers to investigate
and rerun tests instead of trusting the signal [9]. A test suite known
to contain flaky tests eventually becomes a liability: Developers
learn to dismiss failures, and the reliability of the whole suite is
undermined.

Flaky tests are costly and widespread. At Google, 16% of tests
exhibit flakiness [20, 21], requiring the company to maintain a
dedicated team for monitoring and support. Eck et al. surveyed 121
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professional developers and found that reproducing flakiness and
diagnosing its root cause are the most difficult challenges, leading
many teams to simply rerun failing tests, a workaround that hides
the symptom without addressing its cause [9]. This naive strategy,
known as ReRun, is expensive in practice: Gruber et al. found that
approximately 170 re-executions are needed per test to achieve 95%
confidence that a passing test is not flaky [12].

Several techniques have been proposed to detect flaky tests
more efficiently than ReRun. DeFlaker [3] monitors code coverage
changes between test runs, flagging a failure as potentially flaky
when it touches no code changed since the last passing run; on 96
Java projects it detected 1,874 flaky tests among 4,846 failures with
only a 1.5% false-alarm rate. iDFlakies [16] detects order-dependent
tests by systematically reordering test suites and tracking inconsis-
tent verdicts. Shaker [26] takes a complementary approach: Rather
than changing execution order or monitoring coverage, it injects
resource contention (CPU, memory, and I/O stress) directly into
the execution environment, amplifying concurrency-induced non-
determinism so that flaky tests fail more consistently and are easier
to identify. On a benchmark of 75 flaky tests from 11 Android ap-
plications, Shaker detected 95% of them against 37.5% for a budget-
matched ReRun, and surfaced 61 flaky tests that 50 re-executions
missed [4, 26].

Shaker has nonetheless never been evaluated for Python, one of
the most widely used programming languages [13], whose large
open-source testing community centers on the Pytest framework.
Python’s runtime characteristics differ substantially from Java’s:
The Global Interpreter Lock (GIL) constrains true thread parallelism,
the garbage collector andmemorymodel operate differently, and the
concurrency primitives used by Python developers follow different
idioms. These differences raise a natural question: Do the stress
configurations that made Shaker effective for Java and Android
transfer to Python, or does Python’s distinct execution environment
require dedicated calibration?

To answer this question, we present the first empirical eval-
uation of Shaker for Python. We draw flaky tests from the non-
order-dependent portion of the large-scale ground-truth dataset by
Gruber et al. [12] (876,186 test cases from 22,352 open-source PyPI
projects), without further pre-filtering by root cause so that the
sample reflects how the tool is used in practice, where a test’s cause
is unknown beforehand, and evaluate Shaker against a budget-
matched re-execution baseline on the 137 ground-truth flaky tests
we could execute under both techniques. Matching the budget
means both techniques observe each test the same number of times,
so any difference is attributable to the stress mechanism rather
than to the number of observations. We address three research
questions:
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RQ1: At an equal execution budget, does Shaker’s resource-stress
injection detect more flaky tests in Python projects than
plain re-execution (ReRun)?

RQ2: To what extent do known-flaky Python tests reproduce as
flaky under repeated execution on independent infrastruc-
ture?

RQ3: Which test and project characteristics distinguish the flaky
tests that reproduce (and are detected) from those that do
not?

Our results show that, with the stress configuration inherited
from Java and Android, Shaker provides no statistically significant
detection advantage over plain re-execution at an equal execution
budget. Two deeper reasons account for this. Fewer than half of the
ground-truth flaky tests reproduce as flaky at all on independent
hardware under either technique, and the tests that do reproduce are
dominated by flakiness from network interactions and randomness
in smaller projects, rather than the concurrency Shaker targets. The
strong advantage reported for Java and Android therefore does not
transfer to our Python setting.

The main contributions of this paper are:
(1) The first empirical evaluation of Shaker for Python, showing

that at an equal execution budget its stress injection detects
no more ground-truth flaky tests than plain re-execution, in
sharp contrast to the large advantage reported for Java and
Android [26];

(2) A cross-environment reproducibility analysis covering every
non-order-dependent flakiness category in Gruber et al.’s
ground truth, establishing that fewer than half reproduce
on independent hardware and that this gap, rather than the
detection mechanism, is the dominant limiting factor, corrob-
orating and generalizing a similar gap previously observed
for order-dependent Python tests specifically [27] into a cau-
tionary result for any study reusing a flaky-test ground truth
collected elsewhere;

(3) A characterization of which flakiness categories the stress
mechanism can and cannot reach in Python, which explains
the null result;

(4) Two open-source enhancements to Shaker, that enable single-
test execution and heterogeneous dependency-format sup-
port, which made this evaluation possible and are reusable
for future Python flaky-test studies.

2 Motivating Example
Shaker is built on a specific hypothesis: that many flaky tests fail
because of resource- and timing-sensitive behavior that a lightly
loaded machine hides, and that deliberately stressing the machine
makes such failures surface. Consider test_timer_run from the
cvbase project [6] (Listing 1), one of the flaky tests in our sample. It
starts a timer, sleeps for one second, and asserts that the measured
elapsed time is within 10 milliseconds of one second.

1 def test_timer_run ():
2 timer = cvb.Timer()
3 time.sleep (1)
4 assert abs(timer.since_start () - 1) < 1e-2 # within 10ms of 1s
5 time.sleep (1)
6 assert abs(timer.since_last_check () - 1) < 1e-2
7 assert abs(timer.since_start () - 2) < 1e-2

Listing 1: A timing-sensitive flaky test from cvbase [6].

On an idle machine the sleep is accurate and the assertion holds
every time, so plain re-execution never observes a failure: Across
100 unstressed runs the test passed 100 times. Under Shaker, how-
ever, the injected CPU contention delays the process past the 10-
millisecond tolerance often enough that the test failed 6 of 100
times, enough to flag it as flaky. This is exactly the amplification
effect that made Shaker effective on Java and Android [26]: Stress
converts a rarely triggered timing failure into an observable one.

The question this paper investigates is whether that effect gener-
alizes to Python’s flaky tests as a whole. As Section 5 shows, tests
such as test_timer_run, where stress has a mechanism to exploit,
turn out to be the exception rather than the rule: Most Python
flakiness in our sample stems from causes such as randomness and
network behavior that stress cannot influence, and across the full
sample Shaker detects no more flaky tests than plain re-execution.

3 Background
This section defines flaky tests and their costs, focuses on what is
known about flakiness in Python, and introduces Pytest and Shaker,
the technique we evaluate.

3.1 Flaky Tests
A flaky test is a test that produces non-deterministic outcomes,
passing or failing when executed repeatedly on the same version
of the code without any changes to the test or the system under
test [18, 22]. Because a failing test is meant to signal a genuine
regression, flakiness erodes developer confidence in the entire test
suite [9].
Root causes. Luo et al. [18] established the first empirical taxonomy
of flaky tests by analyzing 201 commits addressing flakiness in 51
open-source Apache and GitHub projects written in Java. They iden-
tified ten root-cause categories: asynchronous waits, concurrency,
test order dependency, resource leaks, network communication,
time, I/O, randomness, floating-point arithmetic, and unordered
collections, with asynchronous waits, concurrency, and order de-
pendency being the most prevalent. The survey by Parry et al. [22],
which synthesizes 76 papers across four dimensions (causes, costs,
detection strategies, and mitigation), confirms this taxonomy as the
community standard, while noting that the relative prevalence of
each category varies significantly across programming ecosystems
and test types.
Impact on developers and CI/CD. Flaky tests impose concrete
costs on development teams and continuous integration pipelines.
Eck et al. [9] surveyed 121 professional developers about their
experience with flaky tests and found that reproducing flakiness
and diagnosing its root cause are the most challenging aspects. In
the absence of dedicated tooling, developers dismiss flaky failures
by rerunning the test suite, a workaround that masks the underlying
problem without resolving it. A large-scale longitudinal study by
Lam et al. [17], tracking flaky tests across 26 open-source projects
over six years, found that 85% of flaky tests are flaky at the time they
are first introduced or directly modified, evidence that proactive
detection at test introduction is more effective than retrospective
analysis. At industrial scale, Google has reported that 16% of its
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tests exhibit flakiness and that flaky failures pervade its continuous-
integration pipeline, requiring dedicated tooling and a support
team [20, 21].
Flakiness in Python. Gruber et al. [12] conducted the first large-
scale empirical study of flaky tests in Python, analyzing 876,186
test cases from 22,352 open-source PyPI projects and identifying
7,571 flaky tests. Their findings reveal a flakiness profile that differs
markedly from Java’s: Order dependency is the dominant cause
in Python (59% of flaky tests), followed by infrastructure issues
(28%), while concurrency, the primary target of Shaker, accounts
for a much smaller fraction. This difference is partly explained
by Python’s Global Interpreter Lock (GIL), which constrains true
thread-level parallelism and reduces the prevalence of data races
relative to Java. The gap between Java-tuned tools and Python’s
flakiness profile is a central motivation for our study.
Detection challenge. Detecting flakiness inherently requires ob-
serving non-deterministic verdict variability across multiple exe-
cutions of the same test. Gruber et al. [12] estimated that approx-
imately 170 re-executions are needed to achieve 95% confidence
that a passing test is not flaky, a budget that makes naive rerun
approaches expensive at scale. This cost has motivated two comple-
mentary research streams. Dynamic approaches reduce the required
execution budget by focusing test effort: For instance, DeFlaker [3]
exploits coverage change to prioritize candidate flaky tests, iD-
Flakies [16] applies order-permutation strategies to surface order-
dependent tests, and Shaker [4, 26] amplifies concurrency-induced
non-determinism via controlled resource stress. Static and predictive
approaches instead avoid extra executions altogether; FlakeFlag-
ger [1], for example, predicts test flakiness from behavioral features.
Section 7 surveys this field in detail.

3.2 Pytest
Pytest [24] is a well-established open-source testing framework for
Python projects. In this study, Shaker’s Python support is built on
top of Pytest, using the –junitxml flag to produce structured test
output reports that Shaker processes to determine test verdicts.

3.3 Shaker
Shaker is a tool designed to detect flakiness in codebases by in-
serting noise and load into the test execution environment [26].
The key idea is that, despite the additional cost of running tests
under stress, the tool can detect flaky tests faster than simply re-
executing them (the ReRun method). This claim was established on
Java and Android projects [4, 26]; whether it also holds for Python
is precisely the question this work evaluates.

Figure 1 summarizes how Shaker turns a single test into a flaki-
ness verdict. Given a target test, Shaker executes it 𝑁 times, and
each execution is placed under a different noise configuration that
perturbs the environment (e.g., CPU, memory, I/O, or scheduling
interference), rather than repeating the exact same conditions every
time. Every run produces an independent pass or fail verdict, and
Shaker aggregates these verdicts into a per-test outcome history. If
that history contains at least one pass and at least one fail, the test is
flagged as flaky; if all 𝑁 runs agree, no flakiness is reported for the
current budget. It is this diversity of injected noise across repeated

Test 𝑡

Shaker
execute 𝑡 , 𝑁×, each under different noise

CPU
✓

Mem
✗

I/O
✓

𝑁 noise-varying executions

Aggregate outcomes
✓ ✗ ✓ · · ·

Flaky Not flagged

pass & fail all agree

Figure 1: Shaker’s detection workflow. A target test is ex-
ecuted 𝑁 times, each run under a different injected noise
configuration; the resulting pass/fail verdicts are aggregated
into an outcome history, and the test is flagged as flaky when
that history mixes passes and fails.

executions, rather than sheer repetition alone, that Shaker relies
on to raise the chance of exposing non-deterministic behavior.

To generate stress in the test execution environment, Shaker
uses the stress-ng package [14], which can configure stress loads
on the CPU, virtual memory, disk, and other resources.

Shaker supports twomodes of operation: as a GitHub Action that
can be integrated into any GitHub project, and through a command-
line interface (CLI) [4]. In this work we use the CLI mode, as it is
simpler to automate. For test execution, Shaker supports Maven [2]
for Java projects and Pytest for Python projects. Listing 2 gives the
general format of the original Shaker command.

1 shaker.py [-e EXTRA_ARGUMENTS] [-o OUTPUT_FOLDER]
2 [-sr STRESS_RUNS] [-nsr NO_STRESS_RUNS]

{pytest ,maven} directory

Listing 2: Shaker command format.

The two arguments that govern detection are -sr and -nsr,
which set howmany stressed and unstressed runs the tool performs.
They are not symmetric: Specifying 𝑁 stress runs makes Shaker
execute the test 𝑁 × 4 times, once under each of its four stress-ng
configurations, whereas 𝑁 no-stress runs yield 𝑁 plain executions.
If the test fails in any execution, the result is included in the final
report. Section 4.3 sets exactly these two arguments to place Shaker
and the re-execution baseline on an equal execution budget.

4 Study Design
We designed our study to test whether Shaker’s resource-stress
strategy transfers from Java and Android to Python.
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Workflow overview. As Figure 2 shows, the study proceeds in
four stages. 1 Object selection draws ground-truth flaky tests from
Gruber et al. [12]. 2 Detection executes each test repeatedly under
Shaker’s resource stress and, at a matched execution budget, un-
der plain re-execution. 3 Outcome classification records whether
each technique surfaced a test’s already-known flakiness, that is,
observed at least one passing and one failing verdict, or missed
it. 4 Empirical analysis interprets these labels through the three
research questions below.

4.1 Research Questions
Shaker was originally proposed and evaluated on Android and Java
projects [4, 26]. Our study asks whether its concurrency-stress de-
tection strategy transfers to Python, whose flakiness profile differs
substantially [12]. We investigate three questions:
RQ1 At an equal execution budget, does Shaker’s resource-stress

injection detect more flaky tests in Python projects than
plain re-execution (ReRun)?
Rationale. Shaker’s added value over simply rerunning a test
rests on the claim that resource stress amplifies concurrency-
induced non-determinism. Comparing it against a budget-
matched re-execution baseline isolates the contribution of
the stress mechanism itself.

RQ2 To what extent do known-flaky Python tests reproduce as
flaky under repeated execution on independent infrastruc-
ture?
Rationale. A detection technique can only surface flakiness
that actually manifests during the study. Quantifying how
many ground-truth flaky tests reproduce at all on our infras-
tructure bounds the recall any technique can achieve and
separates a tool’s limitations from the intrinsic difficulty of
observing flakiness across environments.

RQ3 Which test and project characteristics distinguish the flaky
tests that reproduce (and are detected) from those that do
not?
Rationale. Understanding which tests reproduce, and which
do not, characterizes the classes of Python flakiness that
stress-based detection can and cannot reach, and points to
project factors that govern reproducibility.

4.2 Objects of Analysis
We draw our objects of analysis from the dataset of flaky tests
published by Gruber et al. [10, 12], the largest empirical study
of flakiness in Python. The authors collected 876,186 test cases
from 22,352 open-source PyPI [25] projects, all using Pytest, and
identified 7,571 flaky tests together with metadata characterizing
each test’s behavior and the cause of its flakiness. The dataset
was collected using isolated, containerised test re-execution; that
methodology was later formalised and open-sourced as the FlaPy
framework [11], which also produced a larger successor dataset of
2,460 flaky tests from 30,000 PyPI projects.
Selection criteria. We retained the tests Gruber et al. confirm flaky
under an unchanged execution order whose metadata marks them
neither order-dependent nor infrastructure-related, yielding 952
candidates across 277 projects. Excluding order-dependent tests is
a control, not a convenience: Neither technique reorders a suite,

so such a test could not surface under either and would enter as a
guaranteed miss for both. Our sample therefore contains no order-
dependent tests. Within that pool we did not filter by root cause:
Restricting it to the resource- and concurrency-induced flakiness
Shaker targets would presuppose our answer and would not reflect
practice, where a test’s cause is unknown beforehand. The sample
spans randomness, network, timing, and concurrency alike, which
lets RQ3 examine which categories the stress mechanism actually
reaches.
Analyzed sample. Not every candidate could be obtained: Our
working set comprises 452 of the 952 candidate tests, drawn from
159 of the 277 projects. From these we retained the tests that could
be checked out, installed, and executed on our infrastructure under
both techniques. The ReRun baseline produced valid observations
for 165 tests and Shaker for 137. Some candidates could not be pre-
pared or run to completion: Resolving heterogeneous dependencies
failed for a subset, and, under Shaker specifically, the injected stress
saturated the host badly enough that a number of tests could not be
installed or could not finish their full run (Section 6). Because RQ1
is a paired comparison, our primary analyzed sample is the 137
tests executed under both techniques; all 137 fall within the 165
ReRun tests, so the two techniques are compared on an identical set.
Tests present under only one technique are a source of selection
bias we discuss in Section 6. This attrition rate is consistent with an
independent replication on the same ground truth: iPFlakies could
correctly set up only 64% of the projects it selected from Gruber
et al.’s dataset, citing missing dependencies and Python-version
mismatches as the dominant causes [27], the same causes we report
in Section 6.

4.3 Detection Procedure
Execution model. Shaker detects flakiness by amplifying non-
deterministic behavior through controlled resource stress [26]. Given
a budget of 𝑁 stress runs, it executes the target test 𝑁×4 times,
cycling through four stress-ng [14] workloads that exert pressure
on the CPU and memory subsystems. The rule by which these runs
yield a flakiness verdict is defined in Section 4.4.
Budget-matched comparison. To isolate the contribution of re-
source stress (RQ1), we compare two techniques executed at an
equal budget of 100 executions per test under the same detection cri-
terion, so that any difference is attributable to the stress mechanism
rather than to the number of observations:
• ReRun performs 100 plain Pytest re-executionswith no injected
stress

• Shaker performs 25 stress runs, i.e. 25×4 = 100 executions,
each under one of the four stress-ng workloads.

Both techniques thus observe each test 100 times, issued through
the same runner (Listing 2); they differ only in whether those obser-
vations are made under injected resource contention.We set nsr = 0
so that all 100 of Shaker’s observations are stressed. Because every
object is already a confirmed flaky test, the question is whether
stressed execution surfaces a verdict flip, so spending the entire
budget on stressed runs is the faithful counterpart to ReRun’s 100
unstressed runs and keeps the two techniques on an equal footing.
Unit of evaluation. The ground-truth dataset identifies flakiness at
the granularity of an individual test, whereas Shaker was designed
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Object selection

Flaky tests from

Gruber et al. [12].

Detection

Repeated execution

under resource stress

and plain re-execution,

at an equal budget

Outcome clas-
sification

Each technique surfaces the

known flakiness (a pass

and a fail) or misses it

RQ1: Baseline. Shaker vs. ReRun at
an equal execution budget

RQ2: Reproducibility. How many
known-flaky tests reproduce at all

RQ3: Traits. What distinguishes re-
produced from missed tests

Empirical analysis

tests verdicts labels

1
2 3

4

Figure 2: Overview of the study. Stages 1–3 form the detection pipeline and produce, for every test and technique, a label
recording whether the technique surfaced its known flakiness; stage 4 interprets these labels through three research questions
(RQ1–RQ3).

to stress an entire suite. Re-running a full suite for each target test
would be prohibitively expensive and would confound the target
test’s behavior with that of unrelated tests sharing the run. We
therefore evaluate on individual tests in isolation; doing so required
extending Shaker to accept a single test target rather than only
a project directory. Because the projects in our sample declare
their dependencies in heterogeneous formats, we also generalized
Shaker’s dependency resolution so that each test could be installed
and executed; tests whose dependencies could not be resolved were
excluded (Section 6).
On the execution budget. Our 100-execution budget sits below the
∼170 re-executions Gruber et al. [12] estimate for 95% confidence
that a passing test is not flaky; it was chosen so that both techniques
could be run on every test at a feasible cost. The effect of larger
budgets is left to future work (Section 8).
Stressworkloads. Each stress run cycles the target test through the
four stress-ng workloads of Listing 3, which pair CPU workers at
a prescribed load with a virtual-memory worker sized as a percent-
age of available memory. The values are inherited unchanged from
the original Shaker study [26], where they were tuned for Java and
Android; they have never been calibrated for Python’s execution
model. Because each test container is capped at 2 CPUs and 2GB
of memory (Section 4.5), these workers contend directly with the
test process. Running the published configuration is what makes
the transfer question testable, but a tuning mismatch may depress
detection independently of any fundamental limitation (Section 6).

stress -ng --cpu 2 --cpu -load 2 --vm 1 --vm-bytes 21%
stress -ng --cpu 1 --cpu -load 58 --vm 1 --vm-bytes 33%
stress -ng --cpu 1 --cpu -load 61 --vm 1 --vm-bytes 73%
stress -ng --cpu 1 --cpu -load 34 --vm 1 --vm-bytes 37%

Listing 3: The four stress-ng workloads,
inherited unchanged from the original Shaker study [26].
Each stress run executes the test once under each.

4.4 Metrics
Detection criterion. A test is detected (labelled flaky) when it
yields at least one passing and at least one failing verdict across its

runs, and missed otherwise. This criterion is identical to the one
Gruber et al. [12] use to establish the ground truth, and is applied
identically to Shaker and to the ReRun baseline.
Detection rate. Our primary measure is the detection rate: the
fraction of the analyzed ground-truth flaky tests that a technique
detects. Because every object is a known flaky test, this rate is
equivalently the technique’s recall against the ground truth; there
are no true-negative objects, so we do not report precision. We
report proportions with 95% Wilson confidence intervals [28].
Per-question measures. Each research question is answered with
a measure derived from the detection outcome. RQ1 treats detection
as a paired binary outcome per test and compares Shaker with
ReRun using a contingency table (tests detected by both, by Shaker
only, by ReRun only, or by neither) and McNemar’s test for paired
proportions [19], with a sensitivity analysis excluding tests with
truncated runs. RQ2 reports the recall of each technique and of
their union, and classifies the non-reproduced tests by the outcome
that prevented a verdict. RQ3 partitions the sample into reproduced
and non-reproduced tests and compares their characteristics, using
the Mann–Whitney U test with the Cliff’s 𝛿 effect size for numeric
attributes and a descriptive breakdown for the categorical flakiness
labels. All statistical tests use a significance level of 𝛼 = 0.05.

4.5 Execution Protocol
Isolated, reproducible environments. Each test was executed in
a fresh, containerised environment rebuilt from a fixed software
baseline (Python 3.10, the lowest version common to all tests, and
Pytest 7.1.2). For every test, the environment checked out the exact
project commit at which the original flakiness was observed, in-
stalled the project’s declared dependencies, and ran the test under
Shaker or under plain re-execution. Rebuilding the environment
per test prevents state or dependency leakage between tests and
makes each observation independently reproducible.
Execution host. All runs reported here were executed on a single
workstation, in Docker containers with bounded concurrency, each
capped at 2 CPUs and 2GB of memory, to limit contention from
co-located runs. This differs from the infrastructure on which the
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ReRun detects ReRun misses Total

Shaker detects 38 13 51
Shaker misses 11 75 86

Total 49 88 137
Table 1: Paired detection outcomes for Shaker versus the
budget-matched ReRun baseline on the 137 ground-truth
flaky tests, 100 executions each. The difference is not signifi-
cant (McNemar exact 𝑝 = 0.84).

ground truth was originally collected; because flakiness, and in-
jected stress in particular, interacts with the underlying hardware,
this environment difference is a threat we revisit in Section 6 and a
phenomenon RQ2 measures directly.

5 Results
We report our results by research question, combining the detection
outcomes of Shaker and the ReRun baseline with the ground-truth
metadata of Gruber et al. [12] (stage 4 of Figure 2).

5.1 RQ1: Shaker vs. ReRun
Approach. We compare Shaker against the budget-matched Re-
Run baseline (Section 4.3) on the 137 tests executed under both
techniques, applying the same detection criterion (Section 4.4).
Detection is a paired binary outcome per test, so we cross-tabulate
the two techniques (Table 1) and test the difference in proportions
with McNemar’s test [19].
Results. Shaker detected flakiness in 51 of the 137 tests (37.2%,
95% CI [29.6, 45.6]) and ReRun in 49 (35.8%, 95% CI [28.2, 44.1]).
Because both techniques operate on the same tests at the same
budget, this comparison isolates the stress mechanism regardless
of the absolute recall level. The two techniques agree on the large
majority of tests: They jointly detect 38 tests and jointly miss 75,
disagreeing on only 24. Of those, Shaker uniquely detects 13 and
ReRun uniquely detects 11, a near-symmetric split rather than the
one-sided advantage stress injection would predict. McNemar’s
test finds no significant difference (exact two-sided 𝑝 = 0.84). The
absolute gap is two tests, or 1.4 percentage points, narrower than the
width of either confidence interval; with only 24 discordant pairs,
any true effect that this test could have overlooked would itself be
small. The conclusion is also robust to truncated runs: Excluding the
18 tests whose Shaker runs did not complete (Section 6), a truncation
that if anything handicaps Shaker, leaves the two techniques tied
(𝑝 = 1.00). Figure 3 shows the detection rates with confidence
intervals, and Table 1 the paired outcomes.
A low joint ceiling. What the paired data expose most sharply is
not the absent gap between the techniques but howmuch both leave
undetected. Their union detects only 62 of the 137 tests (45.3%); the
remaining 75 (54.7%) survive 100 executions under both techniques
without failing once. The flat McNemar result shows the shortfall
is not something stress addresses: The tests the two miss, they miss
together. The bottleneck at this budget is that most Python flaky
tests fail through mechanisms that neither a bare loop nor CPU or

Figure 3: Detection rate (recall) of ReRun, Shaker, and their
union on the 137 ground-truth flaky tests at a 100-execution
budget. Error bars are 95% Wilson confidence intervals [28];
annotations give detected counts.

memory pressure reliably provokes, the categories that dominate
RQ3.

RQ1. At an equal execution budget, Shaker’s stress injection
does not detect significantly more flaky Python tests than plain
re-execution (37.2% vs. 35.8%; McNemar exact 𝑝 = 0.84). The
stress mechanism confers no measurable advantage in this
setting.

5.2 Case Studies: When Stress Helps and When
It Does Not

The 24 discordant tests (13 detected only by Shaker and 11 only by
ReRun) are, as a group, statistically indistinguishable from chance
(the McNemar result above). Inspecting individual tests explains
why the two techniques trade places rather than one dominating,
and confirms that Shaker’s mechanism does work when there is
something for it to exploit.
Stress helps: Timing and concurrency. The clearest wins for
Shaker are tests whose flakiness is sensitive to resource pressure or
scheduling. The cvbase timer test of Section 2 is one (6 failures un-
der stress, 0 without). A stronger case is test_get_requests_multiple
from selenium-wire [29] (Listing 4), which issues two requests
through a recording proxy and asserts that both were captured.
The proxy records requests asynchronously, so under CPU con-
tention the assertion frequently runs before the second request
is recorded: Shaker failed this test 51 of 100 times, whereas plain
re-execution never failed it. Here stress amplifies a genuine race,
exactly as intended.

1 def test_get_requests_multiple(self):
2 self._make_request('https :// github.com/')
3 self._make_request('https ://www.wikipedia.org/')
4 # proxy must have recorded both requests by now
5 self.assertEqual (2, len(self.client.get_requests ()))

Listing 4: A concurrency-sensitive test from
selenium-wire [29].

Stress does not help: Randomness. The other side of the split
is tests whose non-determinism has nothing to do with resources.
Consider test_run_d40_rastrigin from crfmnes [5] (Listing 5). It
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asks a randomized, unseeded optimizer (CR-FM-NES) to minimize
the 40-dimensional Rastrigin function, a standard benchmark rid-
dled with local minima, and asserts that the best value found is
essentially the global optimum (𝑓 _𝑏𝑒𝑠𝑡 < 10−12) within a fixed it-
eration budget, an assertion-bound failure mode that recurs across
numerical and machine-learning tests [8]. Because the optimizer
starts from random samples and is never seeded, each run explores
the space of possibilities differently; on an unlucky run it becomes
trapped in a local minimum and fails to reach the optimum in time,
so the assertion fails. This failure probability is a property of the
random draws, not of CPU or memory pressure, so stress cannot
change it. Algorithmic nondeterminism of this kind requires seed-
or distribution-aware techniques [7] rather than resource stress.
The data confirm this: Both techniques detect the test at similar
rates (5 failures under ReRun, 11 under Shaker, a gap well within
run-to-run noise), and the tests ReRun uniquely caught are of the
same randomness-driven character. On this class stress neither
helps nor systematically hurts; it is simply irrelevant.

1 def test_run_d40_rastrigin ():
2 # CR-FM-NES: a randomized , *unseeded* optimizer.
3 # Rastrigin (dim =40): many local minima to get trapped in.
4 _, f_best = CRFMNES(dim=40, f=rastrigin , mean=start ,
5 sigma =2.0).optimize(n_iterations)
6 # passes only if the random search happens to reach the
7 # global optimum (f == 0) within 1e-12 in the given budget
8 assert f_best < 1e-12

Listing 5: A randomness-driven flaky test from crfmnes [5].

These case studies show that Shaker’s advantage is real but nar-
row: It materialises on the timing- and concurrency-sensitive tests
it was designed for, and vanishes on the tests driven by random-
ness and network behavior that, as RQ3 shows, dominate Python’s
flaky-test population. Because the amplifiable class is rare here,
the per-test wins never accumulate into an advantage across the
population, which is precisely the null result of RQ1.

5.3 RQ2: Reproducibility on Independent
Infrastructure

Approach. Because every object is a known flaky test, a technique’s
detection rate is its recall against the ground truth (Section 4.4).
RQ1 shows neither technique dominates; RQ2 asks how high that
ceiling is at all. Table 2’s first two rows restate RQ1’s per-technique
counts under this reproducibility framing; the quantity RQ1 does
not report is the recall of their union (a test is reproduced if either
technique observes both a pass and a fail). We classify the tests that
no technique reproduces by the outcome that prevented a verdict.
Results. Even taking the union of both techniques, only 62 of the
137 ground-truth flaky tests (45.3%, 95% CI [37.2, 53.6]) reproduced
as flaky on our hardware; the majority, 75 tests (54.7%), never pro-
duced a differing verdict under either technique. The dominant
reason is not tool failure but a genuine absence of observed non-
determinism: 61 of the 75 non-reproduced tests passed on every
one of their (up to) 100 executions, 13 received too few executions
because their runs were truncated, and only one failed in every
execution under both techniques (broken in our environment). That
61 tests never diverged once across 100 runs indicates a larger bud-
get would recover few of them. In short, roughly half of the tests
labelled flaky by a large-scale study did not manifest their flakiness

Technique / outcome Count Rate

Reproduced by Shaker (25 stress runs) 51/137 37.2%
Reproduced by ReRun (100 re-executions) 49/137 35.8%
Reproduced by either technique 62/137 45.3%

Not reproduced by either (75/137), by reason:
all_passed (never flipped) 61 81.3%
truncated (under-sampled) 13 17.3%
all_failed (broken in env) 1 1.3%

Table 2: Reproducibility of the 137 ground-truth flaky
tests on independent hardware, with the reason each non-
reproduced test yielded no verdict flip.

when re-executed on different infrastructure, regardless of whether
stress was injected.

Our estimate converges with an independent, narrower replica-
tion on the same underlying dataset: using randomized re-execution
restricted to order-dependent tests, iPFlakies reproduced 57% of pre-
viously detected OD tests [27], after similarly discarding roughly a
third of candidate projects to dependency and environment failures.
Our lower, category-agnostic figure of 45.3% is consistent with that
estimate once the denominator is broadened to include network-
and randomness-driven tests, which neither iPFlakies’ reordering
nor our stress injection targets.

RQ2. Fewer than half (45.3%) of the ground-truth flaky tests
reproduce as flaky on independent hardware under either
technique, and most non-reproductions are tests that never
once diverged. Cross-environment reproducibility, not the
choice of detection mechanism, is the dominant limiting factor.

5.4 RQ3: Characteristics of Reproduced vs.
Missed Tests

Approach. We join each test’s outcome (reproduced by either tech-
nique vs. not) with two sources of metadata. The first comprises
the manual root-cause flakiness categories from the 100NOD sam-
ple, a manually classified set of 100 non-order-dependent (NOD, i.e.
flaky regardless of test execution order) flaky tests from Gruber et
al. [10, 12], available for the subset of tests it labels. The second
comprises lightweight project traits (size in LOC, number of files,
test files, and declared dependencies) mined from a shallow check-
out of each project at its recorded commit. We compare numeric
traits between the reproduced and non-reproduced groups with the
Mann–Whitney U test and Cliff’s 𝛿 effect size, and summarise the
categorical breakdown descriptively.
Results. Two patterns emerge (see Table 3). First, the flakiness in
this sample is dominated by causes other than concurrency: Across
the manual classification, network and randomness account for the
bulk of labelled tests, while the only concurrency-adjacent category
present, async wait, comprises just three tests. Among the labelled
tests, flakiness caused by randomness reproduced readily (13/19)
while flakiness caused by network interactions almost never did
(1/6); neither is a class that resource stress is expected to surface.
Within this labelled subset (𝑛 = 31 of the 137 analyzed tests), this
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pattern is consistent with the null RQ1 result: The stress mechanism
has little concurrency non-determinism to amplify. We caution that
the labelled subset, being manually classified, may not be represen-
tative of the full sample’s cause distribution. Second, reproduced
tests come from significantly smaller projects than missed tests
(median 1,041 vs. 3,551 LOC; Mann–Whitney 𝑝 < 0.001, Cliff’s
𝛿 = −0.36, a medium effect), consistent with larger projects be-
ing harder to reproduce faithfully on independent infrastructure.
The remaining structural traits (numbers of files, test files, and
dependencies) show no significant difference.

(a) Reproduction by manual flakiness category (𝑛 = 31 labelled)

Category Tests Reproduced Rate

random 19 13 68%
network 6 1 17%
async wait 3 2 67%
IO 1 0 0%
resource leak 1 1 100%
time 1 0 0%

(b) Project traits: reproduced vs. not (𝑛 = 137 with metadata)

Trait Med. repro Med. not 𝑝 Cliff’s 𝛿

Project size (LOC) 1041 3551 0.00 -0.36 (medium)
# files 26 39 0.06 -0.19 (small)
# test files 4 6 0.53 -0.06 (negligible)
# dependencies 4 4 0.43 -0.08 (negligible)

Table 3: Reproduced versus non-reproduced flaky tests: (a) re-
production by manual flakiness category; (b) project traits
compared with the Mann–Whitney U test and Cliff’s 𝛿 .

RQ3. The reproducible flaky tests are dominated by net-
work and randomness rather than concurrency, and cluster in
smaller projects (medium effect). Both observations explain
why stress injection adds no value here: The flakiness present
is largely outside the mechanism’s scope.

5.5 Discussion
Taken together, the three findings tell a coherent story about trans-
ferring a Java/Android stress-based detector to Python. Stress in-
jection does not beat plain re-execution (RQ1) not because the tool
is broken, but because the flakiness available to detect is largely
the wrong kind: On independent hardware fewer than half of the
ground-truth tests reproduce at all (RQ2), and those that do are over-
whelmingly driven by network behavior and randomness rather
than concurrency (RQ3).
Practical implications. For practitioners, adopting Shaker on
Python offers no detection benefit over simply rerunning tests at
the same budget. It also adds an operational cost, provisioning
stress-ng and tolerating the truncated runs a saturated host pro-
duces, that a CI pipeline would pay on every invocation. Teams
choosing between the two techniques for Python test suites can
therefore default to plain re-execution without a measurable loss
in detection power.

A hazard for the field: Flaky-test ground truths do not travel.
For researchers, the reproducibility gap is a cautionary result in its
own right, and one that outlives the particular tool we evaluated.
Reusing a flaky-test ground truth collected on one infrastructure
to evaluate a tool on another silently converts genuine flaky tests
into apparent true negatives, deflating any tool’s measured recall
regardless of the technique under study. Here that deflation is not
a rounding error: More than half of our objects never flipped once.
We therefore recommend that studies reusing such a ground truth
report the reproduction rate observed in their own environment
alongside any recall figure, and read recall measured against an
external ground truth as a lower bound rather than an estimate.
Whether stress configurations calibrated for Python’s execution
model could recover the concurrency cases, and how detection
scales with larger execution budgets, remain open questions we
could not answer with the available data (Section 8).

6 Threats to Validity
We discuss threats to validity under the standard internal, external,
and construct classification [30]. Because this study repurposes an
existing tool and an existing ground truth for a new ecosystem
and a new execution environment, most of them stem from that
adaptation.

6.1 Internal Validity
Cross-environment reproducibility. The ground truth of Gru-
ber et al. [12] was collected on different infrastructure from ours.
Because flakiness is by definition environment-sensitive, and its
manifestation depends on runtime conditions such as timing and
scheduling [15], tests labelled flaky there may not manifest flaki-
ness here. This gap was also independently reported for the order-
dependent subset of the same ground truth by iPFlakies [27]. Rather
than treat this only as a nuisance, we measure it directly: RQ2 quan-
tifies how many tests reproduce (45.3% under either technique) and
shows that most non-reproductions are tests that never diverged.
This is the central internal-validity caveat of the study, and it ap-
plies symmetrically to Shaker and to ReRun, so it does not bias the
RQ1 comparison between them.
Truncated runs. 18 of the 137 tests did not complete the full
100 executions under Shaker, against only 3 under ReRun. The
asymmetry is itself informative: The injected stress saturates the
single host, so runs are more likely to be killed under Shaker than
under plain re-execution. Truncation can only lower the chance of
observing a verdict flip, so it works against Shaker; the null RQ1
result is therefore conservative toward the technique. To confirm
that truncation does not drive the conclusion, we repeated the
comparison on the 119 tests with complete runs, and Shaker and
ReRun remain statistically indistinguishable (𝑝 = 1.00).
Single-test execution. The ground truth was collected by running
whole suites; we execute each target test in isolation (Section 4.3).
Isolation removes the intra-suite contention and shared state that
were part of the conditions under which the original flakiness ap-
peared, making it a plausible co-explanation for the reproducibility
gap RQ2 measures: A test whose flakiness depends on its suite-
mates cannot flip when run alone, however often it is repeated. The



Evaluating Shaker for Flaky Test Detection in Python Projects SAST 2026, September 8–11, 2026, São Paulo, SP, Brazil

constraint applies identically to both techniques, so it does not bias
RQ1; suite-granularity replication is left to future work (Section 8).
Selection bias from setup failures. Not every candidate test
could be checked out, installed, and executed on our infrastructure:
The ReRun baseline yielded valid observations for 165 tests and
Shaker for 137, and our paired analysis is restricted to the 137 tests
common to both. If the tests that failed to set up differ systematically
in their flakiness characteristics from those that ran, our sample
is not fully representative. We report the coverage gap explicitly
rather than silently dropping tests.
Single-host execution. All runs reported here were executed on
one workstation. This removes the machine-to-machine confound
that pooling heterogeneous hosts would introduce, but it alsomeans
our reproducibility figures are specific to one environment and
should not be read as a universal reproduction rate.

6.2 External Validity
Sample size and scope. Our paired analysis covers 137 tests on a
single infrastructure. This is a focused replication, not a large-scale
study, and its quantitative estimates carry correspondingly wide
confidence intervals (reported throughout Section 5). We frame
our conclusions as evidence about whether stress-based detection
transfers to Python, not as precise population estimates.
Order-dependent flakiness is out of scope. Our sample excludes
order-dependent tests by construction, since neither technique
reorders a suite (Section 4.2). The exclusion is necessary for a fair
comparison but bounds what our results say: Order dependency is
Python’s largest flakiness category, 59% of the flaky tests in Gruber
et al.’s ground truth, and our findings speak to none of it. Reordering
tools such as iDFlakies [16] and iPFlakies [27] are the appropriate
instruments there.
Dataset and version constraints. The dataset is limited to open-
source PyPI projects that use Pytest and were active at the time of
Gruber et al.’s study, executed under a fixed baseline (Python 3.10,
Pytest 7.1.2). Results may not generalize to proprietary projects,
other frameworks, or newer language and framework versions. The
two Shaker modifications (--specific-tests-path, generalized
dependency handling) are specific to this study’s setup and may
require adaptation for arbitrary Python projects.

6.3 Construct Validity
Detection criterion. A test is declared flaky if it produces at least
one passing and one failing verdict across its executions. Using
the same criterion for the ground truth and for both detection
techniques is a deliberate methodological choice that makes the
comparison valid and places Shaker and ReRun on equal terms. The
criterion cannot, however, distinguish flakiness triggered by stress
injection from flakiness that would occur regardless of stress.
What the budget equalizes. Matching the techniques at 100 ex-
ecutions equalizes the number of observations, the confound RQ1
must control, but not their cost: Shaker keeps stress-ng workers
in the container throughout, so at an identical observation count it
consumes strictly more CPU, memory, and wall-clock time. The 18
truncated Shaker runs against 3 under ReRun are that cost becoming
visible. The asymmetry works against Shaker on cost while leaving
its detection rate unchanged, so it strengthens our conclusion.

Budget allocation within Shaker. We ran Shaker with nsr = 0,
spending the entire budget on stressed runs as the faithful counter-
part to ReRun’s 100 unstressed runs (Section 4.3). One consequence
is that Shaker’s mode that splits the budget between stressed and
unstressed runs was not exercised; such a split might behave differ-
ently and is worth exploring in future work.
Uncalibrated stress configurations. The stress-ng configura-
tions were taken directly from the original Shaker paper [26], where
they were tuned for Java/Android. They have never been calibrated
for Python. If they are inappropriate for Python’s execution model,
Shaker may underperform because of a tuning mismatch rather
than a fundamental limitation, a possibility our data cannot rule
out and that we flag as future work (Section 8).

7 Related Work
Empirical studies of flaky tests. Luo et al. [18] conducted the
foundational empirical study of flaky tests, analyzing 201 commits
from 51 open-source Java projects and establishing a taxonomy of
ten root cause categories, with asynchronous waits, concurrency,
and order dependency as the most prevalent. Parry et al. [22] syn-
thesized 76 papers on flaky tests across four dimensions (causes,
costs, detection, and mitigation), providing a broad survey of the
field. Eck et al. [9] investigated the developer perspective through
a survey of 121 practitioners, finding that reproducing flakiness
and diagnosing its root cause are the most challenging aspects.
Gruber et al. [12] conducted the first large-scale study specifically
for Python, analyzing 876,186 test cases across 22,352 open-source
projects and finding that order dependency (59%) and infrastructure
(28%) dominate Python flakiness, a distribution markedly differ-
ent from Java, where concurrency plays a larger relative role. Our
work is the first to evaluate Shaker, a stress-based detection tool
for concurrency-related flakiness, in this Python-specific context.
Flaky test detection tools. Several tools have been proposed
to detect flaky tests more efficiently than naive re-execution. De-
Flaker [3] detects flaky tests without rerunning by monitoring code
coverage changes between test runs: a test is flagged as poten-
tially flaky if it fails while covering no code changed since the
last passing run. Evaluated on 96 Java projects, DeFlaker detected
1,874 flaky tests out of 4,846 failures, with a 1.5% false-alarm rate.
iDFlakies [16] detects order-dependent and non-order-dependent
flaky tests by running the test suite in randomized orders. Its cu-
rated dataset of 422 confirmed flaky tests has become a benchmark
for subsequent work. iPFlakies [27] extends this reordering strat-
egy to Python, and is the closest prior work to ours in that it too
re-executes a subset of Gruber et al.’s ground truth on independent
infrastructure, reporting a similar reproducibility gap for order-
dependent tests. Shaker [4, 26] is orthogonal to all three: instead
of reordering tests or tracking coverage, it amplifies concurrency-
induced non-determinism by injecting CPU, memory, and I/O stress
during test execution. Unlike DeFlaker and iDFlakies, Shaker specif-
ically targets concurrency-related flakiness and requires no code
instrumentation. Predictive approaches such as FlakeFlagger [1]
instead avoid extra executions altogether, classifying tests as flaky
from behavioural features or from source-code vocabulary [23].
Re-execution (ReRun) remains the de facto baseline in practice and
is the point of comparison we adopt for Shaker.
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Shaker. Silva et al. [26] introduced Shaker and evaluated it on a
benchmark of 75 flaky tests from 11 Android applications. This
evaluation reported a substantial, consistent advantage over ReRun
in detection rates and revealing novel flaky tests. A subsequent
publication [4] described Shaker’s GitHub Action integration and
CLI modes. Our work is the first evaluation of Shaker in the Python
ecosystem: at an equal execution budget we observe 37.2% for
Shaker against 35.8% for ReRun, a difference that is not statistically
significant, in sharp contrast to the advantage Shaker showed on
Java and Android.

8 Conclusions
Shaker accelerates flaky-test detection by injecting resource stress,
and was reported to outperform plain re-execution on Java and An-
droid. This paper presents its first empirical evaluation for Python,
using ground-truth flaky tests from the dataset of Gruber et al. [12].
Across a paired comparison on 137 ground-truth flaky tests, stress
injection provided no statistically significant detection advantage
over plain re-execution (RQ1: 37.2% vs. 35.8%, 𝑝 = 0.84), because
fewer than half of the ground-truth tests reproduce on indepen-
dent hardware at all (RQ2: 45.3%), and the tests that do reproduce
are dominated by network and randomness rather than the con-
currency Shaker targets (RQ3). The tool itself is not at fault: The
flakiness available to detect lies largely outside its mechanism’s
reach. The most consequential finding, however, is the one that
outlives Shaker. A flaky-test ground truth does not travel between
execution environments, so any recall measured against a ground
truth collected elsewhere is a lower bound of unknown slack, and
cross-paper comparisons of detection rates rest on weaker ground
than the field usually assumes (Section 5.5).

Three questions our data could not settle remain open: whether
detection improves materially as the execution budget grows past
the ∼170-rerun threshold of Gruber et al.; whether stress-ng con-
figurations tuned for Python’s execution model, rather than in-
herited from Java and Android, recover the concurrency cases the
default configuration misses; and whether running each test within
its suite, rather than in isolation, restores part of the flakiness that
did not reproduce here. Answering any of them would sharpen our
understanding of where, if anywhere, stress injection pays off in
Python.

Artifact Availability
Our replication package is publicly available at https://doi.org/
10.5281/zenodo.21878260. It contains the ground-truth flaky tests,
both result datasets, the Docker-based execution infrastructure,
the modified Shaker of Section 4.3, and the scripts that regenerate
every table and figure. Code is released under the BSD 2-Clause
License and data under CC BY 4.0, matching the dataset by Gruber
et al. [10] from which our ground-truth files derive.
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