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LLMutantKiller: Using Large Language Models to Generate
Tests that Kill Mutants
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The primary goal of mutation testing is to assess the quality of an application’s test suite. This is accomplished
by introducing syntactic changes into a program and determining if any test failures occur for the resulting
mutated program, commonly referred to as a mutant. If so, the mutant is said to be killed, con!rming that the
test suite is of su"cient quality to detect the introduced fault. A problem arises if a mutant does not impact
the behavior of any test. Such a surviving mutant may occur for two reasons: either it involves a semantics-
preserving program transformation or the test suite is not strong enough. Determining why a mutant survives
often involves complex, non-local reasoning. This paper presents an LLM-based test generation technique for
killing surviving mutants, implemented in a tool called LLMutantKiller . The technique is feedback-directed in
the sense that if a test is produced that does not kill a given mutant, the LLM is re-prompted up to a speci!ed
number of times with scenario-speci!c feedback such as syntax errors, dependency violations, or execution
logs (e.g., failing assertions) and asked to try again. We evaluate LLMutantKiller on 915 randomly selected
surviving mutants that were produced by StrykerJS, a state-of-the-art mutation testing tool, taken from 13
open-source JavaScript/TypeScript applications. The results show that LLMutantKiller kills up to 95.3% of the
surviving mutants classi!ed as inducing behavioral changes and that it rarely produces invalid tests.
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1 Introduction
Mutation testing [16, 24, 43] is a technique for assessing the quality of a program’s tests. It involves
introducing a syntactic change into a program and determining if any test failures occur for the
resulting mutated program (commonly referred to as amutant). If at least one test failure is observed,
the mutant is said to be killed. Otherwise, the mutant is said to survive, indicating that the test suite
may be insu"cient. Previous research has demonstrated mutants to have behavioral impacts similar
to those of real-world bugs [20, 26, 31], suggesting that uncovering problems through mutation
testing prevents real-world bugs later on. There has been strong industrial interest in mutation
testing recently, as shown by reports of its use at companies such as Google [44] and Meta [6].
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2 Khalili et al.

Traditionally, mutation testing tools have relied on a rule-based approach for creating mutants
in which a set of mutation operators describes precisely how to rewrite certain syntactic constructs
(e.g., transforming an expression 𝐿 +𝑀 into an expression 𝐿 →𝑀, or removing the body of a function).
Such techniques have been implemented in popular tools such as PIT [12, 13], Major [25], and
StrykerJS [50]. More recently, AI-based techniques have been developed in which a Large Language
Model (LLM) is asked how a bug should be introduced into a program [52, 53].

Surviving mutants are one of the main challenges associated with mutation testing. There are two
categories of surviving mutants: (i) equivalent mutants that re#ect semantics-preserving program
transformations (e.g., an expression is changed in a way that always computes the same value) and
(ii) mutants that survive due to inadequate testing. Surviving mutants are problematic because
they make it harder to assess test suite quality and undermine con!dence in mutation testing tools.
Unfortunately, determining why a mutant survives is di"cult, since it often involves complex,
non-local reasoning. The problem is signi!cant, as is clear from an abundance of prior work on
detecting equivalent mutants using compiler-optimization techniques [29, 37], constraint-based
techniques [36, 38], program slicing [23], heuristic techniques [42, 48], and LLM-based techniques
[5, 7, 15, 22, 49, 53], and on techniques for test generation to kill surviving mutants (e.g., [8, 18,
32, 54]). Our work complements techniques for detecting equivalent mutants: while determining
behavioral equivalence of the original and mutated programs is undecidable in general [24, 35], a
single valid mutant-killing test provides a concrete witness that the mutant is not equivalent.
This paper presents a practical LLM-based technique for generating tests that kill surviving

mutants. The technique involves prompting an LLM with the original and mutated code and asking
it to create a test that exposes behavioral di$erences, along with guidance for the test generation
process. The resulting test is executed against the original code. If it passes, it is then executed
against the mutated code. If the test fails on the mutant, several criteria are checked to ensure the
solution is satisfactory (e.g., tests must not use third-party libraries or inspect the application’s
source code). If a test is unsatisfactory (e.g., it fails on the original code, passes on the mutated code,
or fails other checks), the LLM is re-prompted with scenario-speci!c feedback and asked to try
again. This process is repeated up to a !xed number of times (10 attempts in our experiments).
We implemented this technique in a tool called LLMutantKiller , targeting applications written

in JavaScript and TypeScript. In an empirical evaluation, we applied LLMutantKiller to 13 sub-
ject applications. We generated mutants for these applications using StrykerJS, a state-of-the-art
mutation testing tool for JavaScript and TypeScript. For these applications, StrykerJS generated
between 43 and 1,302 mutants, of which between 5 and 927 survived. To support estimating eval-
uation results over each project’s surviving-mutant population, we used Cochran’s sample-size
formula for proportions with !nite-population correction [10] to determine the required number
of mutants to sample per project, using a 95% con!dence level, a 5% margin of error, and the
conservative population-proportion estimate 𝑁 = 0.5. We then randomly sampled the required
number of surviving mutants from each project, yielding 915 surviving mutants.

We then used LLMutantKiller to generate mutant-killing tests for these surviving mutants using
two variations on a standard prompt that includes/excludes the application’s existing tests, and
ran experiments with 3 LLMs (claude-sonnet-4.6, devstral-2512, and llama-3.3-70b-instruct). In these
experiments LLMutantKiller produced tests that killed between 218 (llama-3.3-70b-instruct without
existing tests) and 811 (claude-sonnet-4.6 without existing tests) surviving mutants.

When interpreting these results, care must be taken because LLMs sometimes produce tests that
should be considered invalid, e.g., because they rely on introspection to check whether the original
or mutated source code is present. Since LLMs may produce arbitrarily complex code, devising a
comprehensive solution to this problem is extremely challenging. To assess the prevalence of the
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LLMutantKiller : Using Large Language Models to Generate Tests that Kill Mutants 3

package mutant

prompt 
generator

prompt candidate 
test file

test 
validator

prompt 
adapter

mutant-killing 
test

LLM

Fig. 1. Overview of approach.

issue, we manually validated all generated tests. This revealed that at most 3.7% of mutants were
killed only by invalid tests in any con!guration, con!rming that invalid tests are not a major factor.
To determine an upper bound on the number of surviving mutants that could be killed, we

manually classi!ed each of the 915 surviving mutants as either a behavioral change or as an
equivalent mutant. This revealed that, of the 915 surviving mutants, 815 were behavioral changes
and 100 were equivalent mutants. Putting these results together, we found that LLMutantKiller was
able to generate valid tests that kill up to 777 (95.3%) of the 815 non-equivalent surviving mutants.
To illustrate the potential practical impact on a subject application, extrapolating from the sample
of surviving mutants in the q library, these tests would increase the project’s mutation score from
12.38% to approximately 92.9%.

In summary, this paper makes the following contributions:
• A feedback-directed, LLM-based technique for generating tests that kill surviving mutants.
• A practical tool called LLMutantKiller that implements this technique for JavaScript/Type-
Script, which will be made available open-source and submitted for artifact evaluation.

• An experimental evaluation on 915 surviving mutants produced by StrykerJS, a state-of-the-
art mutation testing tool for JavaScript/TypeScript in which LLMutantKiller is demonstrated
to produce valid tests that kill up to 95.3% of the non-equivalent surviving mutants.

The remainder of this paper is organized as follows. Section 2 presents an overview of our
approach. An empirical evaluation of LLMutantKiller on 13 subject applications is presented in
Section 3. Threats to validity are discussed in Section 4. Related work is presented in Section 5.
Finally, conclusions and directions for future work are presented in Section 6.

2 Approach
Our goal is to automatically generate, for each surviving mutant, a single test !le (using Jest [1])
that passes on the original program and fails on the mutated version, thereby killing the mutant. To
achieve this, we combine LLM-based test synthesis with an execution-based !ltering pipeline that
iteratively rejects candidates failing syntactic, dependency, or execution checks.

Figure 1 presents an overview of our approach and shows themain components of LLMutantKiller .
Our approach takes as primary inputs (i) a JavaScript/TypeScript package containing the project
under test, and (ii) a JSON description of the mutant, including the a$ected source !le and the
original and mutated code fragments. These inputs are passed to the prompt generator, which
constructs an initial prompt that is sent to the LLM.
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4 Khalili et al.

(a) System Prompt Template

You are a test generation tool that produces unit
tests designed to kill mutants by exposing
observable behavioral differences between the
original and mutated versions of a program.

The generated tests must have the following
characteristics:

- Tests are deterministic (no randomness, timing
dependencies, or reliance on the system clock)

- Tests appear natural and idiomatic, as written by
an experienced human developer

- Tests use the Jest testing framework
- Tests are written in TypeScript
- When importing modules from the project, use

relative paths only, e.g.:
import { Something } from

!{{{importPathToMutatedFile}}}!
- Tests assert only on externally observable

behavior, not implementation details

The generated tests must NOT:
- Inspect or analyze source code to detect whether a

mutation is present
- Use absolute file paths
- Use any external libraries except Jest, the

standard language/runtime, and those explicitly
mentioned in the prompt

- The use of mocks and spies is permitted, but
should be used only as a last resort when
direct observation of behavior is not possible.

FINAL OUTPUT REQUIREMENT
- Return one Jest test file with exactly one

describe and exactly one test/it. Avoid adding
extra suites/cases

- The response must consist of only a single fenced
code block:

```typescript
// <Jest test file containing exactly one test case>
```
Do not include any text, explanations, or comments

outside the code block.

(b) Initial Prompt Template

Your task is to write a Jest test case that exposes
a specific mutation in a JavaScript/TypeScript
project.

MUTATION DETAILS
The mutation affects the following file:
{{{mutationObj.file}}}
Here is the full content of that file (shown with a

<PLACEHOLDER> marker):
{{{origFileWithPlaceHolder}}}
In the original code, <PLACEHOLDER> has the value:
{{{mutationObj.originalCode}}}
In the mutated code, <PLACEHOLDER> has the value:
{{{mutationObj.replacement}}}

YOUR TASK
Write one Jest test file that:

1. Passes when run against the original code.
2. Fails when run against the mutated code.
3. Tests the behavior of the mutated file in a

way that reliably detects the mutation.
The test will be saved at the following path,

relative to this test-generation project's root:
{{{testCaseRelPath}}}

RESOURCES AVAILABLE
Existing test cases you may use for style or structure

inspiration, focusing on how they reflect the
project’s expected behavior and typical inputs:

{{{existingTestCases}}}
The test runner configuration (package.json):
{{{packageDotJson}}}

ALLOWED LIBRARIES
You may use:

1. Any built-in Node.js modules (e.g., fs, path,
crypto, etc.).

{{{allowedExternalLibraries}}}

You may not use any other third-party libraries.

Fig. 2. Prompt templates for LLM-driven test generation: (a) system prompt, and (b) the initial prompt. Triple
curly braces denote template variables filled by the prompt generator. We evaluate two variants of (b): with
or without the RESOURCES AVAILABLE section.

Figure 2 shows templates that are instantiated to obtain (a) the system prompt and (b) the initial
prompt used by LLMutantKiller , respectively. Here, the template variables (surrounded by triple
curly braces) are bound as follows: importPathToMutatedFile provides the relative import path from
the generated test !le to the mutated module and mutationObj.file, mutationObj.originalCode,
mutationObj.replacement, and origFileWithPlaceHolder specify the mutant to be killed, including
the a$ected !le and the original/mutated code fragments, respectively. Following recent work on
LLM-based mutation testing [52], we represent mutants by replacing the mutated code region
in the source !le with <PLACEHOLDER> and provide the code fragments needed to instantiate it to
produce the original and mutated versions, respectively. Figure 3 shows a concrete example of this
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LLMutantKiller : Using Large Language Models to Generate Tests that Kill Mutants 5

(a) Mutation metadata (excerpt)

{
!file!: !util/prop.js!,
!originalCode!: !: 'object' === typeof key &&

'function' === typeof key.exec //regexp!,
!replacement!: !: \!\! === typeof key &&

'function' === typeof key.exec //regexp!,
...

}

(b) Source !le with PLACEHOLDER

module.exports = function prop (key) {
return key && (
'string' == typeof key
? function (data) { return data[key] }
<PLACEHOLDER>
? function (data) { var v = key.exec(data);

return v && v[0] }: key
)}

Fig. 3. Concrete example of our mutation representation: (a) mutation metadata, and (b) the a!ected source
file with the mutated region replaced by <PLACEHOLDER>. Example from the pull-stream project.

(a) syntax_error
This test case doesn't meet the criteria (Reminder:
The criteria is that the test case must pass on the
original code,and fail on the mutated code.)

This test case fails with a syntax error with the
following error message:
{{{errorMessage}}}
---
Please try again and give me a new test case.

(b) forbidden_libraries
This test case doesn't meet the criteria (Reminder:
The criteria is that the test case must pass on the
original code,and fail on the mutated code.)

This test case imports these external libraries that
are not allowed for this project:
{{{errorMessage}}}
---
Please try again and give me a new test case.

(c) fail_on_original
This test case doesn't meet the criteria (Reminder:
The criteria is that the test case must pass on the
original code,and fail on the mutated code.)

This test case fails on the original code with the
following log:
{{{errorLog}}}
---
Please try again and give me a new test case.

(d) pass_on_mutation
This test case doesn't meet the criteria (Reminder:
The criteria is that the test case must pass on the
original code,and fail on the mutated code.)

While the test case passes on the original code, it
also passes on the mutated code.

Please try again and give me a new test case.

Fig. 4. Prompt adapter feedback prompt templates used for re-prompting, specialized to each failure category.

representation. Furthermore, testCaseRelPath is the path where the generated test should be saved
and existingTestCases and packageDotJson denote optional project context, including existing
tests and the package.json !le. In Section 3, we report on experiments with two prompt variants,
with and without this optional context section. Finally, allowedExternalLibraries speci!es external
libraries that generated tests may use.
The prompt obtained by instantiating these templates is passed to an LLM, which produces a

candidate test !le. This is then checked by the test validator, which !rst parses the test to check
if it is syntactically valid and then checks imported/required modules to ensure that it uses only
built-in Node.js modules or project-speci!c allowed external libraries. In particular, the generated
tests are only allowed to use external libraries that are already being used by the subject application
or its test suite. If the candidate passes these checks, it is executed on the original program; if the
!le contains multiple tests and some fail on the original, the validator discards the failing tests and
keeps only those that pass. Any remaining tests are then executed on the mutated program and
emitted as mutant-killing tests if they fail on the mutant.
When a candidate test is produced that does not satisfy all requirements, LLMutantKiller’s

prompt adapter component creates a new prompt. Depending on the type of failure that was
observed, this new prompt instantiates one of the templates in Figure 4 with diagnostic information
that may include a syntax error message, a list of forbidden dependencies, or an execution log
(Figure 4). If querying the LLM with this new prompt yields a new candidate test that again
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6 Khalili et al.

[
{
!role!: !system!,
!content!: !You are a test generation tool that produces unit tests designed to kill mutants · · · !

},
{
!role!: !user!,
!content!: !Your task is to write a Jest test case that exposes a specific mutation · · · !

},
{
!role!: !assistant!,
!content!: !```typescript
import { GeoPoint } from · · · ;

describe('GeoPoint', () => {
it('should throw an error when creating from an object that is not an object', () => {

expect(() => GeoPoint.fromObject(null)).toThrowError('Object must have latitude and longitude');
});

});```!
},
{
!role!: !user!,
!content!: !This test case doesn't meet the criteria (Reminder: The criteria is that the test case must
pass on the original code,and fail on the mutated code.)

This test case fails on the original code with the following log: (details omitted)
Please try again and give me a new test case.!

},
{
!role!: !assistant!,
!content!: !```typescript
import { GeoPoint } from · · · ;

describe('GeoPoint', () => {
it('should throw an error when creating from an object without latitude and longitude', () => {
expect(() => GeoPoint.fromObject({})).toThrowError('Object must have latitude and longitude');

});
});
```!

},
{
!role!: !user!,
!content!: !This test case doesn't meet the criteria (Reminder: The criteria is that the test case must

pass on the original code,and fail on the mutated code.)
While the test case passes on the original code, it also passes on the mutated code.
Please try again and give me a new test case.!

},
{
!role!: !assistant!,
!content!: !```typescript
import { GeoPoint } from · · · ;
describe('GeoPoint', () => {
it('should throw an error when creating from a non-object', () => {
expect(() => GeoPoint.fromObject('string')).toThrowError('GeoPoint: Argument must be an object');

});\n});```!
}

]

Fig. 5. Example scenario produced by LLMutantKiller for node-geo-point (various details have been removed
for space and clarity). Initially a test case is produced that fails on the original code. Following re-prompting,
a test case is produced that passes on both the original code and the mutant. Then, a"er reprompting again a
mutant-killing test case is produced.
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LLMutantKiller : Using Large Language Models to Generate Tests that Kill Mutants 7

{
!file!: !complex.js!,
!originalCode!: !var a = this['re'];!,
!replacement!: !var a = this[\!\!];!,
...

}

import { Complex } from
!<repo>/Complex.js/complex.js!;

describe(!Complex!, () => {
it(!should have an asec function that references

re!, () => {
const originalAsec = Complex.prototype.asec;
const asecString = originalAsec.toString();
expect(asecString)
.toContain(!var a = this['re'];!);

});
});(a) (b)

Fig. 6. Example of a behaviorally invalid test for Complex.js. The test distinguishes versions by obtaining
the source code of the mutated function by invoking toString on the function object and asserting on the
presence of the original code fragment in the source text.

does not meet the requirements, the LLM is re-prompted up to a speci!ed number of times. In
our experiments, we used a maximum of 10 attempts (i.e., up to 9 re-prompting attempts if the
initial prompt does not yield a mutant-killing test). The re-prompting process terminates when a
mutant-killing test is obtained or when the attempt budget is exhausted.

This approach is implemented in a tool called LLMutantKiller . We will release LLMutantKiller as
open-source software and submit an artifact for evaluation; a preliminary version is included in
the supplemental materials associated with this paper. To illustrate our approach, Figure 5 shows a
concrete scenario produced by LLMutantKiller for the node-geo-point subject application. Here,
initially a test was produced that fails on the original code. In response to this result, the LLM is
re-prompted using the prompt of Figure 4(c), which results in a test that passes on both the original
code and the mutant. The LLM was then re-prompted again using the prompt of Figure 4(d), which
results in a test that kills the mutant. Each round of re-prompting is modeled by extending the
previous chat history, so that the LLM can learn from its previous attempts.

By construction and automated !ltering, LLMutantKiller only emits tests that (i) are syntactically
valid, (ii) respect the dependency constraints, (iii) pass on the original program, and (iv) fail on
the mutant. However, a test that satis!es these criteria is not necessarily behaviorally valid. In
preliminary experiments, we observed that LLMs may occasionally “cheat” by producing tests that
distinguish program versions by exploiting non-behavioral signals (e.g., inspecting source text)
rather than by exercising externally observable behavior. Figure 6(a) shows an example of such a
scenario in Complex.js. Here, StrykerJS applied a mutation operator that replaces a string literal with
an empty string to change an original code fragment var a = this['re']; into var a = this[\!\!];.
Figure 6(b) shows a mutant-killing test for this mutant generated by LLMutantKiller . The generated
test invokes toString on the mutated function asec to obtain its body and asserts on the presence
of the original code fragment this['re'] to distinguish the mutant from the original code. To
discourage this, we added an explicit instruction to the system prompt to discourage source code
inspection. Nevertheless, LLMs cannot be trusted to follow instructions, so we cannot rule out
this phenomenon. To understand the prevalence of this phenomenon, Section 3 reports a manual
inspection of all mutant-killing tests produced by LLMutantKiller to assess behavioral validity.

3 Evaluation
This evaluation aims to answer the following Research Questions:

• RQ1 How e$ective is LLMutantKiller at generating tests that kill mutants?
• RQ2 How does including existing tests in prompts a$ect LLMutantKiller’s e$ectiveness?
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Application Description Weekly
Downloads

#LOC #Tests Coverage StrykerJS

St
m
t

Br
an

ch

To
ta
l

K
ill
ed

Su
rv
iv
ed

Ti
m
eo
ut

M
ut
.S
co
re

Ti
m
e
(s
)

Re
q.
Sa
m
pl
e

Complex.js complex numbers
2.54M 1,425 216 71.82% 67.54% 1,302 763 539 0 58.60 544 225

countries-and-
timezones

accessing countries and
timezones data

637.16K 165 58 100% 92.55% 140 134 6 0 95.71 96 6

crawler-url-
parser

URL parser for crawling
46 209 185 96.39% 91.25% 226 141 85 0 62.39 545 70

delta Format for representing
rich text documents and
changes

4.86M 806 180 98.99% 95.89% 834 686 88 60 89.45 3,452 72

image-
downloader

downloading image to
disk from a given URL

12.64K 64 11 100% 93.75% 43 28 11 4 74.42 395 11

node-dirty key value store with
append-only disk log

3,967 207 37 83.01% 71.15% 160 104 56 0 65.00 346 49

node-geo-point calculations involving ge-
ographical coordinates

3,306 406 10 85.36% 70.58% 158 98 60 0 62.03 242 53

node-json!le reading/writing JSON
!les

108.26M 102 43 97.87% 94.11% 61 54 5 2 91.80 577 5

plural plural forms of nouns
824 103 14 95.38% 72.72% 180 143 37 0 79.44 65 34

pull-stream pipeable pull-stream
78.29K 602 364 90.96% 80.84% 474 318 116 40 75.53 1,760 90

q promises
13.42M 2,111 243 89.5% 70.92% 1,058 105 927 26 12.38 7,946 272

spacl-core path-based access control
1 377 38 100% 100% 259 239 20 0 92.28 379 20

zip-a-folder zip/tar utility
175.04K 156 22 100% 96.87% 74 38 8 28 89.19 1,332 8

Table 1. Subject applications used to evaluate LLMutantKiller .

• RQ3 How does the e$ectiveness of LLMutantKiller depend on the underlying LLM?
• RQ4 How often does LLMutantKiller produce tests that are invalid?
• RQ5 How does the choice of mutation operators a$ect LLMutantKiller’s ability to kill
mutants?

• RQ6 How does LLMutantKiller’s ability to kill mutants compare to that of TestPilot, a
state-of-the-art LLM-based unit test generation tool?

• RQ7What is the cost of running LLMutantKiller?
Below, we describe our experimental methodology and then address each research question.

3.1 Experimental Methodology
Selecting subject applications. Our goal is to evaluate LLMutantKiller on real-world JavaScrip-

t/TypeScript projects that re#ect a variety of domains and programming styles. To that end, we
considered all 25 projects that were used to evaluate LLMorpheus, an LLM-based mutation testing
tool for JavaScript/TypeScript [52]. We reused this pool because it had already been curated for
evaluating JavaScript/TypeScript mutation-testing techniques and spans several project domains
and programming styles. Since RQ6 involves running TestPilot [47] on subject applications, we
discarded any subject application on which TestPilot could not be run successfully. After discarding
subject applications that do not run with StrykerJS (v9.6.1) or with Node.js (v20.19.4), we were left

, Vol. 1, No. 1, Article . Publication date: July 2026.

https://github.com/infusion/Complex.js/tree/d995ca105e8adef4c38d0ace50643daf84e0dd1c
https://github.com/manuelmhtr/countries-and-timezones/tree/241dd0f56dfc527bcd87779ae14ed67bd25c1c0e
https://github.com/manuelmhtr/countries-and-timezones/tree/241dd0f56dfc527bcd87779ae14ed67bd25c1c0e
https://gitlab.com/autokent/crawler-url-parser/tree/202c5b25ad693d284804261e2b3815fe66e0723e
https://gitlab.com/autokent/crawler-url-parser/tree/202c5b25ad693d284804261e2b3815fe66e0723e
https://github.com/quilljs/delta/tree/5ffb853d645aa5b4c93e42aa52697e2824afc869
https://gitlab.com/demsking/image-downloader/tree/19a53f652824bd0c612cc5bcd3a2eb173a16f938
https://gitlab.com/demsking/image-downloader/tree/19a53f652824bd0c612cc5bcd3a2eb173a16f938
https://github.com/felixge/node-dirty/tree/d7fb4d4ecf0cce144efa21b674965631a7955e61
https://github.com/rainder/node-geo-point/tree/c839d477ff7a48d1fc6574495cbbc6196161f494
https://github.com/jprichardson/node-jsonfile/tree/9c6478a85899a9318547a6e9514b0403166d8c5c
https://github.com/swang/plural/tree/f0027d66ecb37ce0108c8bcb4a6a448d1bf64047
https://github.com/pull-stream/pull-stream/tree/29b4868bb3864c427c3988855c5d65ad5cb2cb1c
https://github.com/kriskowal/q/tree/6bc7f524eb104aca8bffde95f180b5210eb8dd4b
https://gitlab.com/cptpackrat/spacl-core/tree/fcb8511a0d01bdc206582cfacb3e2b01a0288f6a
https://github.com/maugenst/zip-a-folder/tree/d2ea465b20dc33cf8c98c58a7acaf875c586c3e1
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with 13 applications. Table 1 shows, for each of these applications: a brief description, number of
weekly downloads, number of lines of code, number of tests, and statement and branch coverage
achieved by their existing test suites. The remaining columns in the table show results obtained
by running StrykerJS on these applications: the total number of mutants produced, the number of
mutants that were killed, the number of mutants that survived, the number of mutants that timed
out, the mutation score1 reported by StrykerJS, and the running time of StrykerJS in seconds. The
!nal column reports the sample size for each application used in our evaluation, as described below.

Selecting surviving mutants. As can be seen in the table, the number of surviving mutants (i.e.,
not killed by the project’s original test suite) varies considerably across applications, ranging from
5 surviving mutants for node-json!le to 927 for q. Answering RQ1 requires determining, for each
mutant not killed by LLMutantKiller , whether it could be killed, which involves complex non-local
manual analysis. Since such analysis can be very time-consuming, we evaluated a randomly selected
sample rather than all surviving mutants. For each project, we treated its surviving mutants as a
!nite population and used Cochran’s sample-size formula for proportions with !nite-population
correction [10] to determine the required sample size. We used a 95% con!dence level, a 5% margin
of error, and the conservative population-proportion estimate 𝑁 = 0.5, which maximizes the
required sample size when the true proportion is unknown. The resulting per-project sample sizes
are shown in the last column of Table 1. We then randomly sampled that many surviving mutants
from each project, yielding 915 surviving mutants for evaluating LLMutantKiller .

Classifying mutants as behavioral changes or equivalent. To understand LLMutantKiller’s e$ec-
tiveness comprehensively, it is necessary to determine whether a mutant could be killed. When
LLMutantKiller produces a valid mutant-killing test, that test serves as a witness that the mutant
is not equivalent to the original program; mutants for which no such test is produced require
separate manual classi!cation. Toward that end, we used the following process. We began by
running LLMutantKiller using all con!gurations and observing the mutants that it killed. To guard
against LLMs “cheating” (e.g., inspecting source code instead of exercising behavior), we manually
reviewed all mutant-killing tests and retained only those deemed valid (see below for details on the
process used for classifying tests). Then, any mutant not killed by the remaining valid tests was
reviewed and classi!ed as either a behavioral change or as an equivalent mutant.

To reduce subjectivity in the process of classifying mutants, two authors independently labeled
the mutants for which LLMutantKiller produced no valid mutant-killing test following a brief
calibration session in which they jointly reviewed a small set of mutants outside the evaluation
set. This process demonstrated strong agreement (Cohen’s 𝑂 = 0.96 [11]). The authors then met to
resolve the remaining disagreements and reached consensus for all mutants. To further support this
classi!cation, the authors manually wrote tests to kill all mutants that were classi!ed as behavioral
changes. Following this process, of the 915 surviving mutants under consideration, 815 mutants
were classi!ed as behavioral changes and 100 as equivalent mutants.

Classifying tests as valid or invalid. LLMutantKiller’s test validator automatically rejects candidate
tests based on syntactic validity, dependency constraints, and di$erential execution behavior (test
should pass on the original program and fail on the mutant). However, these automated checks are
insu"cient for behavioral validity, since LLMsmay produce tests that exploit non-behavioral signals
(e.g., source-text inspection as was illustrated in Figure 6). Therefore, we further manually inspected
and validated the mutant-killing tests generated by LLMutantKiller . Similar to the classi!cation
of mutants as behavioral changes or equivalent mutants, two authors independently classi!ed
1The mutation score aims to provide a measure of test suite quality and is calculated as the fraction of the total number of
mutants that are detected (i.e., killed or timed out), see https://stryker-mutator.io/docs/General/faq/.
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10 Khalili et al.

each test as valid or invalid after a short session in which they jointly examined a small, separate
calibration set (two mutant-killing tests per subject application) drawn from preliminary runs
and disjoint from the evaluation set. The authors then met and resolved disagreements through
discussion. In the experimental results presented below, we report both the number of invalid tests
and the level of inter-rater agreement (Cohen’s 𝑂) between the authors who classi!ed the tests.

LLM and prompting details. We experimented with three LLMs: Anthropic’s claude-sonnet-
4.6 (date: 2/17/2026), Mistral’s devstral-2512 (date: 12/9/2025), Meta’s llama-3.3-70b-instruct (date:
12/6/2024), using a commercial LLM service provided by openrouter.ai. In each case, we use tem-
perature 0.5 and the default settings for all other hyper-parameters. We experimented with two
variations of the prompt template of Figure 2: (i) Full prompt (with tests): includes the mutated
!le, mutation description, and the existing project tests, and (ii) Prompt without tests: identical
to the full prompt but omits existing tests. By default, LLMutantKiller does not include a project’s
test suite in the prompt. To account for network problems, we con!gured LLMutantKiller to retry
up to 3 times (so 4 total attempts) on 429 and 5xx errors with wait time starting from 800ms and
doubling with each retry.

Iteration limit. As discussed in Section 2, LLMutantKiller re-prompts the LLM when an unsatis-
factory candidate test !le is produced, up to a speci!ed number of times. In our experiments, we
speci!ed a limit of 10 attempts (i.e., up to 9 re-prompting attempts after the initial prompt).

Nondeterminism and Reproducibility. Since LLMs are nondeterministic, we conduct all experi-
ments twice and report cross-run agreement as the percentage of mutants that receive the same
killed/not-killed outcome across both runs. The source code for LLMutantKiller and full experi-
mental results for both runs are included in the supplemental materials associated with this paper.
LLMutantKiller and all experimental results will be released as open-source and an artifact will be
submitted for evaluation.

System details. Experiments were run on a MacBook Pro with an Apple M1 Pro CPU and 16
GB RAM, running macOS 15.6.1. The pipeline was executed using StrykerJS (v9.6.1) and, Node.js
v20.19.4 (npm 11.5.1). Model inference was performed via the openrouter.ai API2, so end-to-end
runtime is primarily API/network-bound rather than determined by local compute.

3.2 RQ1: How e!ective is LLMutantKiller at generating tests that kill mutants?
Table 2 shows results for an experiment with the claude-sonnet-4.6 LLM in which we ran LLMutan-
tKiller on all 915 surviving mutants, with up to 10 attempts per mutant, using LLMutantKiller’s
default con!guration, which does not include a project’s test suite in the prompt. The table !rst
shows, for each subject application, the number of surviving mutants under consideration, the
number of mutants killed in each iteration, and the total number and percentage of mutants killed.
The last three columns of the table show the running time of LLMutantKiller and the number of
input and output tokens used, respectively. From these results, it can be seen that 811 (88.6%) of
the 915 surviving mutants were killed by the generated tests. Most of these mutants (511) were
killed in the !rst iteration. An additional 253 mutants were killed in iterations 2–5, con!rming
that providing the LLM with feedback is useful. After that, diminishing returns are observed in
iterations 6-10. On average, LLMutantKiller generated 1.94 tests for each surviving mutant that
was killed. To illustrate the potential practical impact, extrapolating from the sample of surviving
mutants in q, the project’s mutation score is estimated to increase from 12.38% to approximately
92.9%. Full results are included in the supplemental materials.

2See https://openrouter.ai.
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Complex.js 225 131 22 10 14 11 4 2 1 0 2 197 (87.6%) 23,181 11,462,641 1,191,182
countries-and-timezones 6 4 0 0 0 0 0 1 0 0 0 5 (83.3%) 2,747 797,036 203,201
crawler-url-parser 70 30 12 2 3 2 3 2 1 1 1 57 (81.4%) 16,222 4,233,422 1,215,194
delta 72 31 12 6 3 1 3 0 1 1 2 60 (83.3%) 30,958 10,735,660 2,715,254
image-downloader 11 6 4 0 1 0 0 0 0 0 0 11 (100.0%) 567 38,798 19,685
node-dirty 49 9 11 11 6 2 2 1 0 0 0 42 (85.7%) 11,470 2,525,852 774,496
node-geo-point 53 42 3 4 3 1 0 0 0 0 0 53 (100.0%) 804 309,423 18,420
node-json!le 5 2 1 0 0 1 0 0 0 0 0 4 (80.0%) 697 86,462 22,724
plural 34 26 0 2 1 0 0 1 0 1 0 31 (91.2%) 2,045 427,237 72,975
pull-stream 90 55 19 3 0 0 1 0 0 1 0 79 (87.8%) 9,722 2,096,472 675,406
q 272 159 43 20 14 2 3 4 3 1 1 250 (91.9%) 40,992 19,035,672 2,825,408
spacl-core 20 10 1 1 0 0 1 1 1 0 0 15 (75.0%) 5,876 1,010,505 238,400
zip-a-folder 8 6 0 1 0 0 0 0 0 0 0 7 (87.5%) 704 98,061 26,871
Total 915 511 128 60 45 20 17 12 7 5 6 811 (88.6%) 145,985 52,857,241 9,999,216

Table 2. Mutants killed by LLMutantKiller using claude-sonnet-4.6; Prompt without existing tests; Inter-rater
reliability of test validity labels: Cohen’s 𝑂 = 0.89 [11]; Valid mutant-killing tests on non-equivalent mutants:
777/815 (95.3%).
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Complex.js 225 129 24 16 12 5 3 2 0 3 1 195 (86.7%) 21,142 12,080,584 1,139,743
countries-and-timezones 6 4 0 0 0 0 0 0 1 0 0 5 (83.3%) 1,010 396,582 52,689
crawler-url-parser 70 34 8 7 1 5 1 1 1 0 0 58 (82.9%) 9,958 8,749,540 466,130
delta 72 5 17 7 4 1 1 1 1 1 1 39 (54.2%) 24,700 15,720,878 1,440,781
image-downloader 11 4 2 4 1 0 0 0 0 0 0 11 (100.0%) 419 101,810 12,384
node-dirty 49 7 13 9 5 5 2 0 4 0 1 46 (93.9%) 10,145 2,771,351 735,158
node-geo-point 53 42 7 3 1 0 0 0 0 0 0 53 (100.0%) 874 378,618 18,082
node-json!le 5 2 1 1 0 0 1 0 0 0 0 5 (100.0%) 474 153,243 24,204
plural 34 24 3 0 0 1 0 2 1 0 0 31 (91.2%) 2,062 822,978 74,629
pull-stream 90 28 40 5 0 2 2 0 0 0 0 77 (85.6%) 9,219 5,123,251 621,649
q 272 157 37 25 15 5 5 8 2 2 2 258 (94.9%) 36,126 35,779,275 2,298,616
spacl-core 20 6 3 1 0 1 0 1 1 0 0 13 (65.0%) 3,648 2,013,676 126,253
zip-a-folder 8 2 3 0 0 0 0 0 1 0 0 6 (75.0%) 2,743 1,126,688 174,440
Total 915 444 158 78 39 25 15 15 12 6 5 797 (87.1%) 122,520 85,218,474 7,184,758

Table 3. Mutants killed by LLMutantKiller using claude-sonnet-4.6; Full prompt (with existing tests); Inter-rater
reliability of test validity labels: Cohen’s 𝑂 = 0.93 [11]; Valid mutant-killing tests on non-equivalent mutants:
763/815 (93.6%).

Using Anthropic’s claude-sonnet-4.6 LLM and its default con!guration, LLMutantKiller generated
tests that killed 811 of the 915 surviving mutants under consideration.

To assess LLMutantKiller’s e$ectiveness more comprehensively, we must account for (i) which
surviving mutants are behavioral changes vs. equivalent and (ii) whether the produced mutant-
killing tests are behaviorally valid. Following the process described in Subsection 3.1, we manually
inspected the mutant-killing tests and identi!ed 34 invalid cases. Hence, LLMutantKiller produced
valid tests that killed 777 (95.3%) of the 815 non-equivalent mutants.

Focusing on the 815 non-equivalent surviving mutants and excluding the 34 cases where mutants
were killed only by invalid tests, LLMutantKiller generated valid tests that killed 777 (95.3%) of the
815 non-equivalent surviving mutants.
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Complex.js 225 6 46 26 23 4 3 4 4 2 3 121 (53.8%) 10,729 17,816,898 213,249
countries-and-timezones 6 1 1 1 0 0 0 0 0 0 1 4 (66.7%) 716 182,725 7,088
crawler-url-parser 70 9 10 3 7 3 0 1 0 0 0 33 (47.1%) 4,187 1,895,707 73,161
delta 72 6 13 4 5 0 1 1 0 1 1 32 (44.4%) 7,510 3,015,668 80,674
image-downloader 11 2 1 3 0 1 0 0 0 0 0 7 (63.6%) 901 260,920 13,990
node-dirty 49 10 6 3 1 0 0 2 0 0 0 22 (44.9%) 5,625 1,687,520 120,329
node-geo-point 53 34 6 2 0 1 0 0 0 1 1 45 (84.9%) 1,459 687,367 20,872
node-json!le 5 0 0 1 0 0 0 0 0 0 0 1 (20.0%) 824 118,178 9,004
plural 34 6 2 8 1 3 1 0 1 0 0 22 (64.7%) 1,804 566,840 17,554
pull-stream 90 7 26 7 1 2 4 1 1 0 0 49 (54.4%) 5,911 1,929,379 110,417
q 272 2 7 109 18 10 5 2 5 1 2 161 (59.2%) 17,154 30,123,118 381,854
spacl-core 20 7 0 0 0 0 0 0 0 0 0 7 (35.0%) 1,769 420,713 16,578
zip-a-folder 8 0 2 0 1 1 1 1 0 0 0 6 (75.0%) 914 209,724 15,564
Total 915 90 120 167 57 25 15 12 11 5 8 510 (55.7%) 59,503 58,914,757 1,080,334

Table 4. Mutants killed by LLMutantKiller using devstral-2512; Prompt without existing tests; Inter-rater
reliability of test validity labels: Cohen’s 𝑂 = 1.00 [11]; Valid mutant-killing tests on non-equivalent mutants:
509/815 (62.4%).

3.3 RQ2: How does including existing tests in prompts a!ect LLMutantKiller’s
e!ectiveness?

Existing tests may provide examples of project-speci!c setup code, API usage, and execution
patterns that reach or exercise code near the mutation; RQ2 evaluates whether including this
information in the prompt a$ects LLMutantKiller’s e$ectiveness. Table 3 shows the results of an
experiment with claude-sonnet-4.6 using a prompt that includes the subject application’s test suite.
The total number of mutants killed is very similar (797 with tests vs. 811 without tests). Similar to
the previous experiment, most mutants are killed in the !rst few iterations, and manual inspection
revealed 34 invalid tests. Table 3 also shows lower total running time in this con!guration (122,520
seconds vs. 145,985 seconds without tests), although it uses more input tokens as discussed in RQ7.

Including existing tests in the prompt does not substantially change the number of survivingmutants
killed: using claude-sonnet-4.6 with a prompt that includes the application’s tests, LLMutantKiller
produced valid tests that kill 763 (93.6%) of the 815 non-equivalent surviving mutants.

Next, we compared the set 𝑃1 of mutants killed by valid tests in the experiment without tests
(Table 2) and the set 𝑃2 of mutants killed in the experiment with tests (Table 3). We observed that:
𝑃1 ↑𝑃2 contains 742 mutants that are killed in both con!gurations, 𝑃1\𝑃2 contains 35 mutants killed
only in con!guration 𝑃1, that 𝑃2\𝑃1 contains 21 mutants killed only in con!guration 𝑃2, and that
𝑃1 ↓ 𝑃2 contains 798 mutants.

Di$erent mutants are killed depending on whether an application’s test suite is included in the
prompt, suggesting that it is worthwhile to use both prompts. Using claude-sonnet-4.6, such a
combined approach enables LLMutantKiller to generate valid tests that kill 798 (97.9%) of the
non-equivalent surviving mutants.

Future work discussed in Section 6 will include the exploration of techniques for improving
LLMutantKiller’s e$ectiveness by combining di$erent prompts.
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Complex.js 225 5 2 6 1 3 6 1 0 2 0 26 (11.6%) 39,143 28,721,525 654,654
countries-and-timezones 6 0 1 2 0 0 1 0 0 0 0 4 (66.7%) 938 95,901 4,136
crawler-url-parser 70 0 1 4 0 3 0 0 1 0 0 9 (12.9%) 15,860 4,039,535 317,092
delta 72 0 6 5 1 2 1 1 2 1 0 19 (26.4%) 12,396 4,473,012 186,002
image-downloader 11 2 2 0 0 1 0 0 0 0 0 5 (45.5%) 1,177 274,339 13,888
node-dirty 49 2 3 0 1 3 1 2 0 0 0 12 (24.5%) 7,881 2,266,493 112,608
node-geo-point 53 22 16 3 2 0 1 0 0 0 0 44 (83.0%) 3,155 791,744 44,091
node-json!le 5 0 0 0 0 1 1 0 0 1 0 3 (60.0%) 656 110,085 7,832
plural 34 1 11 3 2 1 0 0 0 0 0 18 (52.9%) 2,906 736,561 25,019
pull-stream 90 0 13 9 6 4 2 1 1 1 0 37 (41.1%) 15,020 2,934,873 180,189
q 272 0 7 6 7 5 5 0 2 1 1 34 (12.5%) 63,864 47,464,789 1,202,739
spacl-core 20 3 1 1 0 0 0 0 0 0 0 5 (25.0%) 2,659 559,679 20,177
zip-a-folder 8 0 0 0 1 0 0 1 0 0 0 2 (25.0%) 1,270 343,089 16,857
Total 915 35 63 39 21 23 18 6 6 6 1 218 (23.8%) 166,925 92,811,625 2,785,284

Table 5. Mutants killed by LLMutantKiller using llama-3.3-70b-instruct ; Prompt without existing tests; Inter-
rater reliability of test validity labels: Cohen’s 𝑂 = 0.79 [11]; Valid mutant-killing tests on non-equivalent
mutants: 216/815 (26.5%).

3.4 RQ3: How does the e!ectiveness of LLMutantKiller depend on the underlying LLM?
Here, we report on experiments with two additional LLMs: devstral-2512 and llama-3.3-70b-instruct.
In these experiments, LLMutantKiller’s default prompt con!guration without the subject applica-
tion’s tests was used. Results for these experiments can be found in Tables 4 and 5. As can be seen
in these tables, a total of 510 surviving mutants are killed when using the devstral-2512 model and
only 218 are killed when using the llama-3.3-70b-instruct model. Moreover, the results in Tables 4
and 5 suggest that devstral-2512 and llama-3.3-70b-instruct converge more slowly and need more
iterations to kill mutants than claude-sonnet-4.6.

Manual inspection of the generated tests revealed that 2 mutants were killed only by invalid tests
with devstral-2512 and that 1 mutant was killed only by invalid tests with llama-3.3-70b-instruct. To
account for LLM nondeterminism, we conducted the experiments twice with each con!guration.
For claude-sonnet-4.6, 786 mutants were killed in both runs without tests and 838 were killed in
at least one run (cross-run agreement=94.3%); with tests, 758 mutants were killed in both runs
and 831 were killed in at least one run (cross-run agreement=92.0%). For devstral-2512 (without
tests), 457 mutants were killed in both runs and 572 were killed in at least one run (cross-run
agreement=87.4%). For llama-3.3-70b-instruct (without tests), 143 mutants were killed in both runs
and 298 were killed in at least one run (cross-run agreement=83.1%).

The choice of LLM substantially a$ects the results. Using LLMutantKiller’s default con!guration,
claude-sonnet-4.6 performs best with 777 (95.3%) non-equivalent surviving mutants killed by valid
tests, followed by devstral-2512 with 509 (62.4%) and llama-3.3-70b-instruct with 216 (26.5%). This
ranking is consistent across 2 repeats.

3.5 RQ4: How o"en does LLMutantKiller produce tests that are invalid?
As described in Section 3.1, we manually assessed the behavioral validity of each mutant-killing test
produced by LLMutantKiller . Inter-rater agreement, measured using Cohen’s 𝑂 [11], remained high
across all con!gurations. We identi!ed 34 invalid mutant-killing tests for claude-sonnet-4.6 without
tests (Cohen’s 𝑂 = 0.89), 34 for claude-sonnet-4.6 with tests (Cohen’s 𝑂 = 0.93), 2 for devstral-2512
(Cohen’s 𝑂 = 1.00), and 1 for llama-3.3-70b-instruct (Cohen’s 𝑂 = 0.79).

, Vol. 1, No. 1, Article . Publication date: July 2026.



638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

14 Khalili et al.

Mutator Syntactic rule Sample Equiv. Valid kills
Arithmetic Operator e1 + e2 ↔ e1 - e2; e1 * e2 ↔ e1 / e2; e1 % e2 ↗↘ e1 * e2. 69 (7.5%) 1 (1.4%) 66/68 (97.1%)
Array Declaration [e1, ..., en] ↗↘ []; [] ↗↘ [!Stryker was here!]; new Array(e1,

..., en) ↗↘ new Array().
15 (1.6%) 3 (20.0%) 12/12 (100.0%)

Arrow Function args => e ↗↘ () => undefined. 2 (0.2%) 1 (50.0%) 1/1 (100.0%)
Assignment Operator x += e ↔ x -= e; x *= e ↔ x /= e; x %= e ↗↘ x *= e; x «= e

↔ x »= e; x &= e ↔ x |= e; x &&= e ↔ x ||= e; x ??= e ↗↘ x
&&= e.

0 (0.0%) 0 (–) –

Block Statement { s1; ...; sn; } ↗↘ {}. 158 (17.3%) 6 (3.8%) 144/152 (94.7%)
Boolean Literal true ↗↘ false; false ↗↘ true; !e ↗↘ e. 42 (4.6%) 14 (33.3%) 25/28 (89.3%)
Conditional Expression if (e) ↗↘ if (true/false); loop test e ↗↘ false; e_bool ↗↘

true/false; for (;;) ↗↘ for (; false ;); case v: s* ↗↘ case
v:.

290 (31.7%) 29 (10.0%) 244/261 (93.5%)

Equality Operator e1 == e2 ↔ e1 != e2; e1 === e2 ↔ e1 !== e2; e1 < e2 ↗↘ {e1
<= e2, e1 >= e2}; similarly for <=, >, and >=.

82 (9.0%) 13 (15.9%) 67/69 (97.1%)

Logical Operator e1 && e2 ↗↘ e1 || e2; e1 || e2 ↗↘ e1 && e2; e1 ?? e2 ↗↘ e1 &&
e2.

43 (4.7%) 3 (7.0%) 39/40 (97.5%)

Method Expression e.trim() ↗↘ e; Math.min(args) ↗↘ Math.max(args); similarly for
selected string, array, Math, and Date methods.

2 (0.2%) 0 (0.0%) 2/2 (100.0%)

Object Literal {p1: e1, ..., pn: en} ↗↘ {}. 11 (1.2%) 1 (9.1%) 10/10 (100.0%)
Optional Chaining e?.p ↗↘ e.p; e?.[i] ↗↘ e[i]; e?.(args) ↗↘ e(args). 0 (0.0%) 0 (–) –
Regex /r/ ↗↘ /r’/; new RegExp(!r!) ↗↘ new RegExp(!r’!), where r’ is a

level-1 mutation of the regular-expression AST.
43 (4.7%) 10 (23.3%) 32/33 (97.0%)

String Literal !s! ↗↘ !!; !! ↗↘ !Stryker was here!!; similarly for template literals. 139 (15.2%) 12 (8.6%) 124/127 (97.6%)
Unary Operator -e ↗↘ +e; +e ↗↘ -e; ˜e ↗↘ e. 15 (1.6%) 6 (40.0%) 9/9 (100.0%)
Update Operator x++ ↗↘ x–; x– ↗↘ x++; ++x ↗↘ –x; –x ↗↘ ++x. 4 (0.4%) 1 (25.0%) 2/3 (66.7%)
Total – 915 100 777/815 (95.3%)

Table 6. Mutators supported by StrykerJS v9.6.1.

Manual validation indicates that LLMutantKiller rarely produces behaviorally invalid mutant-killing
tests: at most 3.7% of the mutants are killed only by invalid tests in any con!guration.

3.6 RQ5: How does the choice of mutation operators a!ect LLMutantKiller’s ability to
kill mutants?

To answer RQ5, we analyze LLMutantKiller’s results across the mutators (i.e., classes of mutation
operators; see Table 6 for examples) supported by StrykerJS, a state-of-the-art rule-based mutation
testing tool for JavaScript and TypeScript [50]. Table 6 reports, for eachmutator, the syntactic rewrite
rule, frequency in our evaluation sample, number of sampled mutants classi!ed as equivalent,
and valid-kill rate achieved by LLMutantKiller’s default con!guration (claude-sonnet-4.6 without
existing tests in the prompt).
The per-mutator valid-kill rates are at least 89.3% for every mutator with at least 10 sampled

mutants, suggesting that the remaining failures are not concentrated in one mutator. To check
whether these di$erences re#ect a systematic relationship, we compare valid-kill outcomes across
mutators using a permutation test and report Cramer’s 𝑄 to quantify the strength of the relation-
ship [14, 19]. For the default con!guration, the association is weak and not statistically signi!cant
(𝑄 = 0.134, 𝑁 = 0.301). Across the other con!gurations, the association remains weak in magnitude;
full per-con!guration results are included in the supplemental materials.
The mutator used to create a mutant has a statistically signi!cant but weak association with

whether that mutant is classi!ed as equivalent or non-equivalent (𝑄 = 0.267, 𝑁 < 0.001). Among
mutators with at least 10 sampled mutants, Unary Operator, Boolean Literal, and Regex have higher
equivalent-mutant rates than Arithmetic Operator and Block Statement. This weak association is
expected because equivalence depends not only on the syntactic rewrite rule, but also on the
surrounding program semantics, reachability, and project context. Consequently, mutator alone
does not explain which surviving mutants are equivalent or remain unkilled by LLMutantKiller .
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Project Name #mutants #mutants killed
Complex.js 225 70
countries-and-timezones 6 0
crawler-url-parser 70 1
delta 72 0
image-downloader 11 0
node-dirty 49 1
node-geo-point 53 0
node-json!le 5 0
plural 34 0
pull-stream 90 1
q 272 4
spacl-core 20 0
zip-a-folder 8 0
Total: 915 77

Table 7. Number of mutants killed by tests generated by T!"#P$%&#.

Using Anthropic’s claude-sonnet-4.6 LLM and its default con!guration, mutator has only a weak,
statistically insigni!cant association with valid-kill outcome. Thus, no single mutator explains the
remaining failures. The mutator used to create a mutant is weakly associated with whether that
mutant is classi!ed as equivalent or non-equivalent, despite statistical signi!cance.

3.7 RQ6: How does LLMutantKiller compare with a state-of-the-art LLM-based test
generation tool?

To answer RQ6, we compare LLMutantKiller against TestPilot [47] on the same set of surviving
mutants. For each project, we perform the following steps: (i) run TestPilot3 to generate a test suite,
(ii) execute the generated tests on the original and mutated versions, and (iii) determine the number
of mutants killed using the tests. Table 7 shows the results. As can be seen in the table, only 77
of the 915 surviving mutants are killed by tests created by TestPilot, compared to 777 killed using
valid tests produced by LLMutantKiller in its default con!guration using claude-sonnet-4.6.

Using tests generated by TestPilot, a general-purpose LLM-based unit test generation tool, only
77 of the 915 surviving mutants are killed compared to 777 killed using valid tests produced by
LLMutantKiller in its default con!guration using claude-sonnet-4.6. This con!rms the usefulness of
techniques for test generation that speci!cally target the problem of killing mutants.

3.8 RQ7: What is the cost of running LLMutantKiller?
To assess the cost of running LLMutantKiller , we consider the running time of the tool and the
number of tokens used. The latter serves as a proxy for the cost of LLM usage given that LLM
charges are generally calculated as a function of the number of input tokens and output tokens.

Running time. Based on the running times shown in Table 2, the average per-mutant running time
of LLMutantKiller in its default con!guration without tests included in the prompt ranges from 15.2
seconds for node-geo-point to 457.8 seconds for countries-and-timezones. Running LLMutantKiller
on all projects sequentially requires 145,985 seconds. This time is dominated by communication
with the LLM. Including tests in the prompts reduces total running time to 122,520 seconds (see
Table 3). The total running time for LLMutantKiller with devstral-2512 and llama-3.3-70b-instruct is
59,503 and 166,925 seconds, respectively (Tables 4 and 5).

3In our experiments, we used TestPilot v24, using its default con!guration.
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Token usage. As can be seen in Table 2, using claude-sonnet-4.6 and using its default con!guration,
LLMutantKiller requires a total of 52,857,241 input tokens and 9,999,216 output tokens. At the time
of writing, the cost of claude-sonnet-4.6 at openrouter.ai is $3 per million input tokens and $15 per
million output tokens, so the entire experiment would cost approximately $308.55. However, Claude
models also support prompt caching for input tokens; at the time of writing, openrouter.ai charges
$3.75 per million cache-write tokens and $0.30 per million cache-read tokens for claude-sonnet-
4.6, while output tokens use the standard rate. With prompt caching enabled, this experiment
cost $253.14, saving $55.42. Full token accounting, including cache-write and cache-read tokens,
is included in the supplemental materials. The experiment with prompts that include the subject
application’s tests (see Table 3) requires 85,218,474 input tokens and 7,184,758 output tokens. Here,
the number of input tokens is about 1.6x higher because including the tests in the prompts involves
signi!cant token usage, bringing the total estimated cost to approximately $363.42. With prompt
caching enabled, this experiment cost $244.92, saving $118.51.

When using devstral-2512 (Table 4), a total of 58,914,757 input tokens and 1,080,334 output tokens
are used. At the time of writing, the cost of devstral-2512 at openrouter.ai is $0.4 per million input
tokens and $2 per million output tokens, so the entire experiment cost approximately $25.72.
When using llama-3.3-70b-instruct (Table 5), a total of 92,811,625 input tokens and 2,785,284

output tokens are used. At the time of writing, the cost of llama-3.3-70b-instruct at openrouter.ai is
$0.10 per million input tokens and $0.32 per million output tokens, so the entire experiment cost
approximately $10.17.

Note that token usage tends to increase when fewer mutants are killed because LLMutantKiller
will stop re-prompting when a mutant is killed. In other words, for mutants that are not killed,
the full 10 iterations are used. Since LLMutantKiller kills fewer mutants when devstral-2512 and
especially llama-3.3-70b-instruct are used, more iterations are needed, incurring higher token usage.

LLMutantKiller’s average running time ranges from 65.0 (devstral-2512) to 182.4 (llama-3.3-70b-
instruct) seconds per mutant, depending on the con!guration and LLM being used. Including
existing tests substantially increases input-token usage (1.6x higher when using claude-sonnet-
4.6). When excluding existing tests, input-token usage varies across LLMs, ranging from 52,857,241
(claude-sonnet-4.6) to 92,811,625 (llama-3.3-70b-instruct). Output-token usage ranges from 1,080,334
(devstral-2512) to 9,999,216 (claude-sonnet-4.6). Across con!gurations, the estimated total cost ranges
from $10.17 (llama-3.3-70b-instruct, without tests) to $253.14 (claude-sonnet-4.6, without tests).

4 Threats to Validity
The results presented in Section 3 may be impacted by selection bias in several ways. First, the set
of subject projects may not be fully representative of all JavaScript and TypeScript applications.
However, these projects have been used in prior work on mutation testing and automated test
generation [4, 47, 52] and span multiple application domains and programming styles.
Second, for each project, we randomly samples surviving mutants to assess LLMutantKiller’s

ability to kill surviving mutants. This was necessary because the large number of surviving mutants
produced by StrykerJS (1,956 in total), which makes exhaustive evaluation prohibitively expensive
given the manual validation steps needed to answer RQ1—RQ5. To reduce sampling bias, we used
Cochran’s sample-size formula for proportions with !nite-population correction [10] (95% con!-
dence, 5% margin of error, and conservative population-proportion estimate 𝑁 = 0.5) to determine
the required per-project sample sizes. The resulting samples support estimating proportions over
the surviving mutants in each studied project, but may still miss speci!c mutant characteristics.
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Third, we evaluate LLMutantKiller’s e$ectiveness on surviving mutants produced by Stryk-
erJS [50] and our !ndings may be in#uenced by the speci!c mutation operators and design choices
of this tool. StrykerJS is a state-of-the-art tool that implements standard mutation operators. To
assess the extent to which our results depend on these operators, we analyzed the relationship be-
tween mutator and LLMutantKiller’s valid-kill outcome, !nding only a weak association. However,
our results may not generalize to mutants produced by other tools or operator sets.
Fourth, the e$ectiveness of LLMutantKiller depends on the ability of the underlying LLM to

reason about program behavior. To mitigate the potential for bias, we reported on experiments
with three di$erent LLMs (claude-sonnet-4.6, devstral-2512, and llama-3.3-70b-instruct). Of these,
the latter two are open-weight models, which facilitates reproducibility. In our evaluation, the
number of test-generation attempts per mutant is limited to 10 attempts. This choice re#ects a
practical trade-o$ between e$ectiveness and cost. However, it is possible that LLMutantKiller could
kill more surviving mutants if given additional attempts, especially in the case of devstral-2512 and
llama-3.3-70b-instruct, which kill far fewer mutants than claude-sonnet-4.6 with the given budget.

LLMs exhibit inherent nondeterminism, which may a$ect test generation outcomes. To mitigate
this threat, we conducted all experiments twice for each con!guration. We also report cross-run
agreement, which was at least 83.1% across all con!gurations. The results for both runs appear
in the supplemental materials. Nondeterministic project behavior or #aky generated tests could
also a$ect whether a mutant is judged killed or equivalent. We did not observe evidence of #aky
generated tests during manual validation, but this remains a possible threat in larger deployments.

The validation of the results presented in Section 3 relies on human judgment to classify generated
tests as valid or invalid, and mutants not killed by LLMutantKiller as killable or equivalent. In each
case, human error may have impacted the classi!cation. Tomitigate subjectivity, two authors labeled
items independently, and the few remaining disagreements were resolved through discussion until
consensus was reached. We report inter-rater reliability using Cohen’s 𝑂.

We report cost using token usage and wall-clock execution time. Token counts provide an abstract
measure of LLM usage, whereas runtime may vary due to external factors such as system load and
server delays. To account for this, we conducted the experiments twice per con!guration.

Lastly, ourwork targets JavaScript and TypeScript applications that runwithNode.js and produces
tests that run using the Jest testing framework. While our approach is conceptually applicable
beyond this ecosystem, results may not generalize directly to other languages, testing frameworks,
or build systems without additional engineering e$ort.

5 Related Work
This section reviews prior work on (i) traditional (non-LLM-based) techniques for killing mutants
and detecting equivalent mutants, (ii) LLM-based test generation, (iii) LLM-based mutation testing,
and (iv) LLM-based techniques for detecting equivalent mutants. For general background on
mutation testing, the reader is referred to surveys by Jia and Harman [24] and Papadakis et al. [43].

5.1 Traditional Techniques.
The research community has explored various traditional (i.e., non-LLM-based) techniques for
generating tests that kill survivingmutants. This includes techniques based on fuzzing [32], symbolic
execution [8], assertion ampli!cation [18], and multi-objective search algorithms [54]. Du et al.
[17] present an empirical study that investigates how mutants are killed.
Determining whether a mutant is equivalent is an undecidable problem. Schuler and Zeller

estimate that 45% of mutants that are not killed are equivalent and that determining whether a
single mutant is equivalent takes about 15 minutes [48]. Since equivalent mutants signi!cantly
detract from the value of mutation testing, the research community has explored a range of
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techniques for detecting equivalent mutants. This includes work based on: compiler-optimization
techniques [29, 37], constraint-based techniques [36, 38], and program slicing [23]. Schuler and
Zeller [48] and Papadakis et al. [42] report on heuristic techniques for classifying mutants. Madeyski
et al. [35] present a systematic literature review of techniques for detecting equivalent mutants.
We view LLM-based techniques for killing surviving mutants as complementary to traditional

techniques for detecting equivalent mutants. One could use an LLM-based technique such as
LLMutantKiller to !lter out mutants that represent behavioral di$erences, allowing computationally
expensive techniques such as the ones discussed above to focus on a smaller number of mutants.

5.2 LLM-based Test Generation.
Bareiß et al. [5] present a study involving a few-shot prompting approach in which an LLM is
queried with the de!nition of a function under test, along with an example of another function
(taken from the same code base) and its associated test. They report achieving slightly better
coverage than Randoop [39, 40] in a limited study of 18 Java methods.
Schäfer et al. [47] present an approach where an LLM is queried with prompts that provide

various details of a function under test (signature, example snippets, documentation, source code)
and implemented it in a tool called TestPilot. In an evaluation on a set of JavaScript/TypeScript
applications, Schäfer et al. report that TestPilot achieves 70.2% statement coverage and 52.8% branch
coverage, on average. We measured TestPilot’s ability to produce tests that kill surviving mutants
and found that it killed only 77 of 915 surviving mutants, compared to up to 777 for LLMutantKiller .
LeMieux et al. [33] present CodaMosa, an LLM-based approach for improving the e$ectiveness

of Search-Based Software Testing (SBST) by asking an LLM to provide example test cases when
coverage improvements achieved by SBST stagnate. They implement their technique on top of
Mosa [41] in Pynguin [34], an SBST tool for Python. In an evaluation on 486 benchmark modules
taken from 27 projects, CodaMosa often achieves signi!cantly higher coverage than two baseline
techniques (Mosa and CodexOnly) while reducing coverage in a few cases.

Altmayer Pizzorno and Berger [45] presentCoverUp, an LLM-based test generation tool for Python
that aims to improve test coverage. It repeatedly prompts an LLM with coverage information to
focus test generation on uncovered code. CoverUp provides the LLM with a get_info tool function
that it can use to solicit additional information about types or variables. Experimental results show
that CoverUp outperforms both CodaMosa and MuTAP [15] (discussed below) in coverage.
Ryan et al. [46] present SymPrompt, an LLM-based test generation technique inspired by dy-

namic symbolic execution [21] by querying an LLM with prompts including approximate path
constraints corresponding to execution paths. In an evaluation on open-source Python projects, the
incorporation of path constraints in prompts is found to improve test coverage signi!cantly.

Chen et al. [9] present ChatUniTest, an LLM-based test generation tool that analyzes dependency
relationships to determine relevant information (such as signatures of dependent methods and
classes) that is referenced by a method under test and that should be included in prompts.

Alshahwan et al. [3] present TestGen-LLM, an LLM-based tool developed at Meta for improving
existing human-written tests. They report on an industrial scale deployment where it improved
11.5% of all classes to which it was applied, with 73% of its recommendations being accepted for
production deployment by Meta software engineers.
The test generation techniques discussed above do not consider the presence of mutants and

do not incorporate analyses of behavioral di$erences between the original program and mutants
derived from it. While the generated tests may kill mutants by chance, our results demonstrate
that techniques speci!cally designed to exploit these behavioral di$erences are substantially more
e$ective at generating tests that kill mutants.
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5.3 LLM-based Techniques for Mutation Testing.
Bareiß et al. [5] present a few-shot prompting approach to mutation testing and compare it to
Major [25], a state-of-the-art rule-based tool for Java. They report that their technique produces a
similar number of mutants as Major, that their tool generates the same mutants as Major in 18.5%
of all cases, but that only 62.5% of these mutants are compilable.

Dakhel et al. [15] present a test generation technique for Python that aims to produce tests that
kill mutants. Their approach assumes that a set of mutants is available and begins by prompting an
LLM to produce an initial set of tests. The tests are run to determine what mutants they kill, and the
LLM is then repeatedly queried with a prompt that includes the test, one of the surviving mutants,
and a request to create a new test that kills that mutant. This process is repeated once for each
surviving mutant. Two major methodological di$erences exist between our work and Dakhel’s.
First, rather than modifying existing tests to kill mutants, LLMutantKiller instructs the LLM to create
new tests. Second, whereas MuTAP prompts the LLM once per surviving mutant, LLMutantKiller
queries it up to 10 times with feedback if a generated test fails to kill the mutant. Our results show
many surviving mutants are killed in iterations 2–10, con!rming the value of feedback. Other
di$erences include that LLMutantKiller starts with surviving mutants from StrykerJS excluding
already-killed mutants, and the target languages di$er (JavaScript/TypeScript vs. Python).

Wang et al. [53] present MutGen, an LLM-based test-generation technique that aims to improve
fault-detection capability through mutation feedback. In their approach, an LLM is queried with
a prompt that includes mutation feedback describing the location, mutation operator, and status
(killed, survived, or uncovered) of mutants, along with instructions to produce tests that are more
diverse relative to existing ones. The generated tests are then executed, and failing tests are repaired
by prompting the LLM with a structured prompt containing strategies for addressing di$erent
failure types. This process is repeated iteratively until the mutation score stabilizes or a prede!ned
iteration limit is reached. Unlike Wang et al., whose objective is to maximize the mutation score
of a generated test suite, our objective is to generate tests that kill a speci!ed set of surviving
mutants. However, both approaches employ an iterative process in which an LLM is prompted with
previously generated tests to obtain tests that have the desired execution behavior. The approaches
also di$er in the programming language under consideration (Java versus JavaScript/TypeScript)
and in the mutation testing tool used to generate mutants (PITest [2] vs. StrykerJS [50]).
Boua!f et al. [7] present PRIMG, a mutation-driven test generator for Solidity smart contracts.

In their approach, an LLM !rst creates a test using a prompt including the program under test, the
targeted mutant, and existing tests. If the test is syntactically invalid or fails on the program under
test, the LLM is reprompted. PRIMG considers mutant subsumption [30] and test completeness
advancement probability (TCAP) [28] to prioritize mutants that are more likely to improve the
overall e"ciency of test generation. Compared to PRIMG, LLMutantKiller uses a more elaborate
feedback mechanism and targets JavaScript/TypeScript rather than Solidity.

Harman et al. [22] describeMeta’s Automated Compliance Hardening (ACH) system for mutation-
guided LLM-based test generation, which consists of three LLM-based agents that operate in concert:
(i) a fault generation component asks an LLM to introduce bugs using prior fault information, (ii) a
modi!ed version of TestGen-LLM [3] extends existing tests to detect faults, and (iii) an equivalence
detector component asks an LLM to determine whether a mutant is equivalent. LLMutantKiller
di$ers by targeting surviving mutants from StrykerJS, by using scenario-speci!c feedback, and by
focusing on di$erent programming languages (JavaScript/TypeScript vs. Kotlin).
LLMorpheus [52] implements an LLM-based mutation testing technique by querying an LLM

with: general mutation testing background, a source fragment with a “PLACEHOLDER”, the code to
substitute, and a request to introduce a behavioral di$erence. Themain di$erence is that LLMorpheus
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generates mutants, whereas LLMutantKiller generates tests to kill surviving mutants. We currently
focus on StrykerJS mutants; evaluating LLMutantKiller on LLM-generated mutants is future work.
Straubinger et al. [49] present a mutation-testing approach based on Scienti!c Debugging [27].

In their approach, an LLM is given background on Scienti!c Debugging and asked to generate
natural-language hypotheses explaining a mutant’s behavior. An experiment is then conducted
by creating and executing a test case against the original code and the mutant, and the LLM is
asked to explain the observed behavior. If the test does not exhibit the required behavior, the LLM
is re-prompted. As in our work, a limit of 10 iterations is imposed. Straubinger et al. compare their
technique to a baseline where the LLM is directly prompted to kill the mutant, and to Pynguin [34],
!nding that it signi!cantly outperforms both. While LLMutantKiller employs a similar approach,
key di$erences exist: LLMutantKiller employs a more !ne-grained feedback mechanism using
di$erent prompts for speci!c failure scenarios. For example, if a generated test fails on the original
code, feedback is provided immediately without running the test against the mutant. In addition,
LLMutantKiller targets JavaScript/TypeScript rather than Python and focuses on killing surviving
mutants produced by existing mutation testing tools.

Overall, prior work on LLM-based mutation testing has explored mutant generation, mutation-
guided test-suite improvement, and mutation-targeted test generation. LLMutantKiller’s main
distinguishing feature is its scenario-speci!c iterative feedback mechanism that re-prompts an
LLM using prompts tailored to why a previously generated test was inadequate (e.g., syntax errors,
failures on the original program, or failure to kill the mutant). Our results show that this targeted
feedback substantially improves e$ectiveness, highlighting the importance of adaptive interaction
strategies for LLM-based mutation testing. In addition, LLMutantKiller focuses on generating new
tests to kill surviving mutants produced by existing JavaScript/TypeScript mutation testing tools.

5.4 LLM-based Techniques for Detecting Equivalent Mutants
Tian et al. [51] report on a comprehensive empirical study of 3,302 method-level Java mutant pairs
in which they compare the e$ectiveness (precision, recall, F1-score) and e"ciency of 10 LLMs (using
several prompting strategies) for equivalent mutant detection to that of 10 prior equivalent-mutant
detection techniques, including compiler-based techniques, an ML-based technique, and a tree
neural network technique. Tian et al. !nd that their LLM-based techniques signi!cantly outperform
the previous techniques, and that the !ne-tuned code embedding strategy is the most e$ective.

Specialized LLM-based mutant-killing test generation techniques may complement LLM-based
techniques for equivalentmutant detection by !ltering outmutants guaranteed not to be equivalent.

6 Conclusions and Future Work
We have presented a feedback-directed LLM-based technique for generating tests that kill surviving
mutants and implemented it in LLMutantKiller a tool for JavaScript/TypeScript applications. In
an empirical evaluation, LLMutantKiller was applied to 915 randomly selected surviving mutants
produced by StrykerJS, a state-of-the-art mutation testing tool, in 13 open-source JavaScript/Type-
Script applications. The results show that LLMutantKiller kills up to 95.3% of surviving mutants
that were classi!ed as inducing behavioral changes and that it rarely produces invalid tests.

We intend to explore the following future work. First, while LLMutantKiller produces relatively
few invalid tests, detecting such tests is challenging given an LLM’s ability to produce arbitrary
code. We plan to mitigate this with automatic !lters (e.g., pattern-based detectors) and/or using an
LLM to assess test validity. Second, we plan to conduct a qualitative study with developers to assess
the practical usefulness of the generated tests and LLMutantKiller’s potential for !nding bugs. Third,
we intend to evaluate LLMutantKiller on surviving mutants produced by LLM-based mutation
testing techniques [52]. Finally, since our results suggest complementary strengths across di$erent
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con!gurations of LLMutantKiller , we plan to study cost-aware strategies to orchestrate multiple
prompts and models, including additional prompt variants inspired by prior mutation-guided
test-generation approaches such as MuTAP [15].

7 Data Availability
The code for LLMutantKiller and all experimental data used in this study are included in the
supplementary materials associated with this paper submission. Upon acceptance, all code and
data will be open-sourced and an artifact will be submitted for evaluation.
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