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Abstract

Automatic test case generation for dynamically typed languages such
as JavaScript is significantly hindered by the absence of explicit type
information, which expands the search space for search-based testing
and reduces its effectiveness. While prior probabilistic and neural
type inference methods address this, they struggle with complex
user-defined types, higher-order functions, and external package de-
pendencies. This paper presents and evaluates three LLM-based ap-
proaches for type inference in JavaScript. The primary contribution is
a Retrieval-Augmented Generation (RAG) approach that constructs
a vector database of semantically rich code embeddings. These
embeddings include ASTs, program slices, and code annotations.
This enables efficient, project-wide context retrieval paired with
Chain-of-Thought prompting. In a large-scale empirical evaluation
against the SynTest framework, the RAG approach achieves a 29%
average accuracy improvement over non-RAG LLM approaches, an
85% reduction in computation time, and a 63% accuracy improve-
ment over probabilistic inference for deep, user-defined types. For
primitive types, probabilistic methods remain competitive. These
findings motivate future hybrid strategies combining probabilistic
and LLM-based inference.

Keywords

Type inference, JavaScript, Large language model, Retrieval-augmented
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1 Introduction

Software testing plays a critical role in ensuring the correctness,
reliability, and maintainability of software systems. Well-tested code
reduces the likelihood of defects, informs refactoring, and increases
confidence in software [38]. However, writing and maintaining test
suites is a time-consuming and error-prone process, and in practice,
many software projects suffer from insufficient test coverage [40].
This issue is particularly prevalent in ecosystems that prioritise rapid
development and flexibility.

Automatic Test Case Generation has been proposed as a means
to mitigate these challenges. By automatically generating test cases,
it increases coverage while reducing manual effort. From the au-
tomated approaches, search-based approaches stand out for their
ability to optimize for this coverage criteria without requiring formal
program specifications [15]. Search-based approaches have demon-
strated strong results in statically typed languages, particularly with
respect to code coverage [19] and bug detection [2]. Tools such
as EvoSuite [11] and Testful [4] exploit static type information to

constrain the search space of possible inputs, making test generation
efficient and effective.

Dynamically typed languages have gained significant traction
over the past decade due to their lack of coding constraints and
reduced boilerplate, enabling faster prototyping and iteration. A 2025
Stack Overflow survey! reports that JavaScript and Python are the
most popular programming languages, with JavaScript maintaining
the leading position since 2014. Despite this widespread adoption,
research by Fard and Mesbah [10] shows that in 2017, 22% of public
JavaScript code lacked tests, raising concerns about code quality,
stability, and maintainability.

In dynamically typed languages, the absence of explicit type
information significantly complicates search-based test generation.
Search algorithms must explore a substantially larger input space,
as they cannot rely on type constraints to guide test setup and input
construction. As a result, the effectiveness of automatic test case
generation drops considerably when applied to languages such as
JavaScript.

Prior work has explored enabling automatic test case genera-
tion for dynamically typed languages through type inference. Early
approaches, such as Pynguin for Python [25], rely on randomly
guessing variable types, which is effective for primitives but inade-
quate for user-defined objects. More advanced techniques, including
JSNice [39] and SynTest for JavaScript [41], apply probabilistic
inference based on observed usage. While these methods improve
primitive type prediction, support for complex user-defined objects
remains limited and often depends on heuristics, predefined declara-
tions, or iterative refinement during test execution, as also explored in
Type Tracing [21]. Neural-network-based approaches such as Deep-
Typer [16] and NL2Type [26] achieve high accuracy but require
domain-specific training data, for example, JSDoc comments, which
are rarely available in practice (0.1% of JavaScript projects reported
on Stackshare? use JSDoc). Large language models (LLM) repre-
sent a promising direction for type inference due to their ability to
analyse various forms of context-rich information—such as Abstract
Syntax Trees (AST), flow-graphs, variable names, and code annota-
tions (e.g. [16, 26, 30, 39]). Unlike neural networks, which require
domain-specific pre-training, LLMs can leverage diverse, context-
rich information, enabling them to reason about both structural and
linguistic cues that probabilistic methods often overlook. This flexi-
bility makes LLMs particularly suitable for exploring context-aware
inference. Nevertheless, current approaches to LLM-based type infer-
ence often process entire ASTs [49] or source files, which increases
computational cost and inference time due to token usage and risks
information dilution or hallucination (e.g. [37, 44, 47]).
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To address this gap, we can investigate techniques such as code
embeddings, which allow for more effective code search, enabling
semantic retrieval, cross-file and cross-project inference, and im-
proved in-context learning [24, 32]. Additionally, they offer a highly
scalable approach to information retrieval suitable for large code
bases due to their efficient token usage.

This empirical study investigates techniques for extracting context-
rich information from source code to improve LLM-based type in-
ference in JavaScript, particularly for complex user-defined types.
The approach applies Retrieval-Augmented Generation (RAG) tech-
niques by generating code embeddings from a range of information-
rich snippets, storing them in a vector database. These include ab-
stract syntax trees (ASTs), program slices, heuristic hints, and code
annotations. The embeddings are then retrieved and used alongside
Chain-of-Thought (CoT) prompting to the LLM. The study also
assesses local models for possible local applicability. The perfor-
mance of the approach is evaluated with both local and cloud models
against the probabilistic inference of the SynTest framework.

The results demonstrate that the RAG-based approach signifi-
cantly outperforms the other LLM approaches, achieving an av-
erage accuracy improvement of 29% and an average reduction
in computation time of 85%. They also show a substantial accu-
racy improvement of 63% over the probabilistic technique of Syn-
Test [41]—specifically for deep, user-created types and package-
reliant functions.

The paper presents insights into the use of LLM-based approaches
for type inference for JavaScript and argues that they offer an ap-
plicable benefit in real-world cases involving complex user-defined
types, higher-order functions, and a reliance on external packages.
We found that for use-cases involving primitive types, probabilistic
approaches fare better as their speed allows them to iterate multiple
times before any model can respond. This insight reveals potential
future work in hybrid approaches relying on probabilistic methods
for primitive inference and LLM-based methods for more complex
types.

The main contributions of this research are:

(1) A RAG-based LLM type inference approach for JavaScript.

(2) A large-scale evaluation of multiple models on type inference.

(3) A replication package [33].

The remainder of this thesis is structured as follows: Section 2
details the background information and the related work, Section 3
introduces the proposed approaches, Section 4 describes the study
design, Section 5 presents and analyses the experimental results,
Section 6 tackles the threats to validity, and the final section discusses
the findings and outlines directions for future work.

2 Background and Related Work

This section introduces the key concepts required to understand this
study and discusses the related work.

2.1 Automatic Test Case Generation

Thorough software testing ensures functionality and maintainability,
but it is tedious and time-consuming work [9]. Therefore, researchers
have developed research methods of automating the generation of
tests while maintaining high coverage.

Early on, these included random testing [14] and partition test-
ing [35], which employed black-box techniques for identifying bugs
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and reducing the number of test cases for sufficient coverage. How-
ever, these lead to difficulties in reproducing bugs and covering
corner cases. Later, symbolic [20] and constraint-based [8] methods
were used to automatically catch edge cases. Search-Based Soft-
ware Testing (SBST), by means of genetic algorithms for example,
generate test cases that optimise a fitness function—often branch
coverage [11]. Of these SBST techniques, the DynaMOSA [36] al-
gorithm has been shown to be the most effective in automatic test
case generation.

2.2 Type Inference

The lack of a static type system in languages like JavaScript can
lead to late error-detection, unexpected type conversions, and risky
refactors [13]. But in the context of automatic test case generation,
it can reduce the effectiveness of the search-based approaches by
increasing their search space. To address this, type inference was
introduced.

Early approaches (e.g. [1], [46]) to type inference in JavaScript
and similar dynamically typed languages were inspired by soft typ-
ing, where static analysis techniques attempt to infer types without
enforcing them, allowing programs to remain flexible while still
detecting potential type inconsistencies [18]. However, they lack
strict guarantees and are imprecise, often resolving to general types
(e.g. any-like abstractions), making them poorly suited for tooling.

Building on this idea, TypeScript® introduced an optional static
type system for JavaScript, combining explicit annotations with type
inference to improve developer tooling and error detection while
maintaining compatibility with existing code. The drawback is that
the project, and its dependencies, all require this type safety for the
static inference to work accurately. Patterns involving any, dynamic
property access, or runtime mutation can reduce precision.

Subsequent research shifted toward probabilistic approaches,
which model likely types based on observed usage patterns. For
example, JSNice [39] applies graphical models to infer types and
variable names, while approaches such as Type Tracing [21] and
SynTest [41] incorporate dynamic observations and probabilistic rea-
soning to refine type predictions during execution or test generation.
These probabilistic approaches perform well on primitive types and
common patterns but struggle with complex user-defined objects,
nested structures, and higher-order functions.

More recently, neural network-based approaches have been pro-
posed to capture deeper semantic patterns in code. Models such as
DeepTyper [16], NL2Type [26], and Type4Py [30] leverage machine
learning to predict types based on large code corpora, often incorpo-
rating contextual information such as naming conventions or natural
language comments, and demonstrating improved performance over
purely probabilistic methods, especially for complex user-defined
types. However, they are highly dependent on training data and, as
such, applicable to the same context, making them less generalisable
as a whole.

Lastly, LLM-based approaches (e.g. [37, 44, 47]) have been de-
veloped to take advantage of the deep semantic patterns without the
drawback of strong dependency to domain-specific training data.
Current approaches leverage the AST [49] or the entire source files
to draw context; however, this can bloat the context and miss out
on relevant information elsewhere in the source code. To address

3https://www.typescriptlang.org/
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this, we investigate a RAG-based approach for efficient and relevant
context-retrieval.

2.3 Prompting

Prompt design plays a crucial role in the effectiveness of large
language models, as it determines how tasks are interpreted and how
context is utilised. Early approaches such as zero-shot and few-shot
prompting rely on instructions and examples, but are often sensitive
to phrasing and less effective for complex tasks [43, 51]. More
advanced techniques, such as Chain-of-Thought (CoT) prompting,
improve reasoning by encouraging intermediate steps, though at the
cost of increased token usage [45].

To improve robustness and consistency, structured prompting
defines explicit input and output formats, often using schema-like
representations (e.g., JSON and TOON [28]). This is particularly
useful for program analysis tasks, where outputs must be machine-
readable and consistent. At the same time, efficient context usage is
essential when working with large codebases. Providing full source
files can introduce noise and exceed token limits, motivating ap-
proaches such as context pruning [17].

Finally, robustness can be further improved through techniques
such as enforcing output constraints and using retry mechanisms to
handle uncertain predictions. These strategies produce accurate and
efficient responses in large-scale code settings.

2.4 Retrieval-Augmented Generation

Retrieval-Augmented Generation is a technique in which LLM
querying is combined with a retrieval system so the model can
look up relevant information before generating an answer. This con-
trasts with how LLLMs normally generate responses based on the
parameters that were formed during training. The approach was
initially developed for NLP tasks in specific domains, where the
retrieval system would query a domain-specific index of information
to outperform parametric-only (non-RAG) models in generation cor-
rectness and diversity [23]. It works by indexing a domain-specific
knowledge base into a database, which can then be queried for
relevance to the user’s prompt.

In the context of software development, code snippets can be con-
verted into embeddings,a numeric representation of information,and
stored in a vector database. Alon et al. [3] present suitable code
snippet extraction techniques in Java, for the purpose of predicting
method names. Their technique analyses a Java program’s AST, ex-
tracts information relevant to method definition, and embeds it in
a vector database used by an RAG model. This technique has also
been widely adopted by code editors and LLM extensions such as
VSCode* and Copilot>. Copilot in VSCode builds an index of the
workspace (indexable files, folder structure and symbols/definitions)
to draw context. When the client sends a query, Copilot uses a mix
of strategies (remote code search via GitHub, local semantic search
via embeddings, text search, symbol metadata, file-name heuristics)
to find relevant snippets. These snippets are then included in the
context of the initial prompt.

The benefits of this approach are that the model can *understand’
larger code bases by performing lookups, it reduces hallucination by

“https://github.com/microsoft/vscode
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providing more factual responses, and it is not limited to possibly
outdated or incorrect knowledge from training [50].

3 Approach

This section presents the approaches investigated in this thesis for
applying large LLMs to type inference in JavaScript. By inferring
types for functions and variables before test generation, it becomes
possible to constrain the input domain and guide the search process
more effectively.

Recent advances in LLMs have demonstrated strong capabilities
in code understanding and reasoning, making them a promising
candidate for performing type inference in dynamically typed lan-
guages [48]. However, the accuracy of the inferred types depends
heavily on how contextual information is provided to the model.
In particular, JavaScript programs often rely on implicit contracts,
cross-file interactions, and project-wide conventions, which may not
be captured when analysing a function or a single file in isolation.

To address this challenge, we explore multiple approaches that
differ in how program context is extracted, represented, and supplied
to the LLM. These approaches range from providing the complete
source file as input to structured representations of the program via
abstract syntax trees, and finally to a RAG strategy that leverages
project-wide information through the retrieval of embeddings. The
flow of each approach can be seen in Figure 1. Each approach reflects
a different trade-off between contextual completeness, token use,
and computational overhead. Additionally, the prompts used for each
approach can be viewed in Appendix A.

Source file
inference
AST
Source code . LLM
inference
Abstract
Syntax Tree
Vector RAG
database inference

Figure 1: Overview of the three proposed approaches.

3.1 Source File Inference

The first approach investigated in this thesis relies on providing the
large language model with source-level context derived directly from
the JavaScript project. Unlike other approaches explored later, this
method does not perform semantic preprocessing. Instead, it focuses
on selectively expanding the prompt context based on import depen-
dencies, while preserving the original source code representation.
The core idea of this approach is to provide the LLM with suffi-
cient local and transitive context to infer types accurately, without
overwhelming it with the entire project.

Given a source file containing the function under test, the file itself
is always included in the prompt. In addition, the approach analyses
the list of imports declared in the file and selectively incorporates the
corresponding declarations into the context. For each imported entity,
the source declaration is added to the prompt. In the case of classes,
this includes the class definition and its constructor. If the class
constructor or imported function in turn depends on other imported
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entities, the process is applied recursively. This recursive expansion
allows the prompt to capture transitive dependencies that may be
necessary to understand object structure, parameter expectations,
or return values. The maximum recursion depth is configurable to
control prompt size and computational cost.

Once the contextual information has been assembled, the LLM is
prompted to perform type inference for the functions and variables
of interest. The model is instructed to return its predictions using a
predefined, structured output format. This structure is validated after
generation to ensure syntactic correctness and compatibility with the
evaluation pipeline.

To increase the usefulness of the inferred types for search-based
test generation, the LLM is further instructed to decompose complex
types into their primitive components. Rather than returning high-
level or nominal types (e.g., a class name), the model must express
such types as object structures that explicitly list their attributes and
the inferred types of those attributes. This representation enables a
more fine-grained restriction of the search space. All instructions
are then parsed into Token-Oriented Object Notation® (TOON) to
improve the efficiency of the request, calculated as Efficiency =
Accuracy + Tokens.

Overall, this source file-based approach represents a baseline
strategy that prioritises simplicity to the original code. It serves as
a reference point for evaluating the impact of more structured and
retrieval-based context construction techniques introduced later in
this section.

3.2 AST Inference

The second approach builds upon the source file-based strategy
described previously, but introduces an intermediate abstraction step
by parsing the aggregated source code into an AST. The motivation
for this approach is to provide the large language model with a
more structured and distilled representation of the program, while
retaining the same contextual scope defined by the Source File
Inference approach.

As in the source file approach, the context construction begins
by aggregating the source file containing the function under test
together with selected imported declarations and their transitive
dependencies, up to a configurable depth. Instead of forwarding the
raw source code directly to the LLM, the combined code is first
parsed into an AST using the Babel parser’. This AST serves as the
basis for extracting semantically relevant snippets that are expected
to be informative for type inference.

The traversal of the AST focuses on a subset of syntactic con-
structs that Yang et al. [49] identified as important for understanding
data flow and type usage in JavaScript programs. These include
function declarations, arrow functions assigned to variables, variable
declarations, class declarations, and class methods. For each of these
constructs, a summarised representation is derived and later included
in the prompt.

3.2.1 Functions. For function declarations and class methods, the
analysis focuses on two aspects: parameter usage and function body
behaviour. Parameter usage is examined to identify how parameters
are referenced within the function body, such as whether they are
accessed as objects, invoked as functions, or used through property or

Shttps://github.com/toon-format/toon?tab=readme-ov-file
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method access. This information provides indirect evidence about the
expected structure and capabilities of the parameter types. In parallel,
the function body is summarised by analysing statements related to
return behaviour, variable usage, function and method calls, control
flow constructs, and lightweight type hints derived from expressions.
Together, these summaries aim to capture how values are produced
and consumed without exposing the full syntactic complexity of the
original code.

3.2.2 Arrow Function Variables. Arrow functions assigned to vari-
ables are treated similarly. When these functions contain block
bodies, the same body analysis is applied as for regular function
declarations. When the body consists of a single expression, the
expression is analysed directly to infer high-level characteristics,
such as whether it represents a literal value, a binary operation, a
function call, or a composite data structure. From this, type hints can
be derived.

3.2.3 Variable Declarations. Variable declarations are analysed pri-
marily through their initialisers. Literal initialisers provide direct
evidence of primitive types, while array and object initialisers allow
limited inference of element and property types using heuristics.
Constructor calls are interpreted as indications of nominal types.
‘When no reliable inference can be made, the variable is conser-
vatively assigned a generic type. This initialiser-focused analysis
provides early type constraints that can be propagated downwards.

3.2.4 Class Declarations. Class declarations are summarised at two
levels. At the class level, information about available methods and
properties is extracted to convey the overall shape of the object. At
the method level, individual class methods are treated similarly to
standalone functions, with parameter usage and body summaries
generated separately. This separation is designed to allow the LLM to
reason both about the structure of class instances and the behaviour
of their methods.

3.2.5 Design Rationale. The AST-based approach is designed to
reduce noise in the information provided to the LLM by filtering
out syntactic details that are unlikely to contribute directly to type
inference, while explicitly highlighting semantically relevant usage
patterns. By emphasising how values are accessed, combined, and
passed through the program rather than presenting raw source code,
this abstraction is intended to make implicit type information more
accessible to the model. Additionally, the structured nature of the
extracted AST nodes is assumed to enable more consistent prompt
formatting, which may lead to more stable and interpretable model
outputs. Given that the AST structure produced from the analysis is
verbose and may lead to large token usage, TOON for the AST was
considered as a means of improving the efficiency of the approach
by up to 22% [29]; howeyver, the heavily-nested structure of the AST
led to diminishing returns in comparison to JSON-compact notation.

At the same time, this approach may introduce certain limitations.
The reliance on heuristics for interpreting binary operations, array
elements, and object properties may result in incomplete or overly
coarse type hints. Furthermore, the abstraction process omits some
contextual information that could potentially aid type inference.
The additional preprocessing step may also increase the inference
computation and token usage substantially.
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3.3 RAG Inference

The third approach explored in this thesis, illustrated in figure 2,
adopts a RAG strategy to support type inference in JavaScript. The
primary goal of this approach is to provide the large language model
with access to relevant, project-wide information while avoiding ex-
cessive prompt sizes that would result from supplying entire source
files or dependency graphs. By allowing the model to retrieve tar-
geted contextual evidence on demand, this approach is intended to
promote correctness and reduce the likelihood of hallucinations.

Information
extraction
Transpiling

JS @f%}

Embedding

A
v

J/ Vector
database

B

Relevant
information

(1N
/l@\

.
TOON o s
* c—

Figure 2: RAG-based type inference pipeline.

In contrast to the previous approaches, which explicitly construct
a fixed prompt context, the RAG-based method is designed to enable
scalable reasoning over large codebases. It aims to approximate
a form of “project awareness” by allowing the model to search
through the entire codebase for semantically related information
without directly embedding all of it into the prompt. This makes
the approach particularly suitable for local and resource-constrained
scenarios.

The approach consists of two main stages: (1) information ex-
traction and storage, and (2) retrieval and querying at inference
time.

3.3.1 Information Extraction and Storage. In the extraction stage,
the complete project directory is traversed, and all relevant source
files are parsed into abstract syntax trees. From these ASTs, a set of
code snippets is extracted into information categories. Alon et al. [3]
propose that the categories defined for code snippets in code2vec
may serve as a suitable basis for predicting method names. Each
extracted unit is enriched with metadata such as its source location,
a brief semantic description, and the corresponding raw source code.

The extracted information includes categories that are expected
to provide useful information for type inference:
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e Function definitions and return expressions, which de-
scribe parameter structure, control flow scope, and produced
values.

e Call sites, which provide insight into how functions are in-
voked, the shapes of arguments passed, and the contexts in
which return values are used.

e Object literal shapes, which expose structural type infor-
mation common in JavaScript’s object-centric programming
style.

e Variable declarations and assignments, which offer strong
initial type signals and information about mutability.

e Class declarations, methods, and inheritance relation-

ships, which convey type structure and usage patterns.

Imports and exports, which reveal module boundaries and

inter-file dependencies relevant to type propagation.

e JSDoc comments, which may contain explicit developer-

provided type annotations and contracts.

Literal values, which serve as the most direct evidence for

primitive types.

Control-flow hints, such as typeof checks and switch state-

ments, which often refine types within specific branches.

The reason we extract this diverse set of snippets is to capture type-
relevant evidence from multiple perspectives: declaration-based,
usage-based, structural, and control-flow—based. While any single
category may provide incomplete information, their combination is
expected to give the LLM a richer basis for inference similar to that
of code2vec [3].

Once extracted, all snippets are embedded and stored in a vec-
tor database. This allows similarity-based retrieval across the entire
project, enabling later queries to surface information that is semanti-
cally related even if it is not syntactically or lexically adjacent.

3.3.2 Retrieval and Querying. At inference time, only the function
under test is provided as the query input to the retrieval system. This
query is embedded and used to retrieve the top-N most relevant
snippets from the Qdrant® vector database. If one of the retrieved
snippets is the exact function-under-test, it gets omitted from the
set. These retrieved snippets are intended to represent the most
informative project-level context with respect to the code under test.

The retrieved snippets are then supplied to the LLM alongside
the function under test, without including the full source file or its
import dependencies. This design choice is intended to minimise
prompt size while maximising informational relevance. The LLM
is prompted for type inference using the same structured output
constraints as in the previous approaches.

3.3.3 Design Rationale. Vector-based retrieval enables semantic
similarity search, which is well-suited for code, where relevant
context may not share exact identifiers or syntactic structure [42].
Additionally, vector databases are optimised for efficient nearest-
neighbour queries, making them practical for repeated inference
requests [42]. The use of a locally deployed database instance aligns
with the goal of local applicability.

More broadly, the RAG approach is based on the hypothesis
that type-relevant information is often distributed across a codebase
rather than localised within a single file. By decoupling context
selection from prompt construction and delegating it to a retrieval

8https://qdrant.tech/
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mechanism, the approach is expected to scale better to larger projects
than the source file—based or AST-based strategies.

However, this approach is also assumed to introduce new chal-
lenges. The quality of retrieved context depends on the effectiveness
of the embeddings and the suitability of the extracted snippet rep-
resentations. Irrelevant or weakly related snippets may dilute the
prompt, while missing critical context could still lead to incomplete
type inference. Furthermore, the approach introduces additional sys-
tem complexity through the need for preprocessing, storage, and
retrieval infrastructure.

4 Study Design

This section describes the design of the empirical study conducted
to evaluate the approaches proposed in this thesis. The goal of the
study is to systematically assess the effectiveness of LLM-based
type inference techniques for JavaScript. In addition to this goal, the
local applicability of the techniques is prioritised.

For this assessment, we present the following research questions:

e RQ1 — Type Inference Effectiveness.
How does the accuracy of the proposed LLM-based type
inference approaches vary when using different models?

¢ RQ2 — Token and Time Consumption.
What are the costs associated with the proposed approaches,
measured in token usage and inference time?

¢ RQ3 — Comparison with Probabilistic Technique.
How does the accuracy of LLM-based type inference ap-
proaches compare to SynTest’s probabilistic inference?

¢ RQ4 — Retrieved Context in RAG.
What types of information are most frequently retrieved for
the RAG approach?

To ensure that the evaluation is rigorous, reproducible, and inter-
pretable, this section details the benchmarks, experimental configu-
rations and parameter settings, experimental protocol and hardware
setup, and the statistical analysis methods used to assess the signifi-
cance and magnitude of observed differences.

4.1 Benchmark

The benchmark is constructed based on widely used TypeScript
projects. TypeScript projects are selected instead of native JavaScript
projects because they provide explicit type annotations that can be
treated as ground truth. This allows the study to compare inferred
types against known reference types while still evaluating the ap-
proaches in a JavaScript setting by transpiling the code to JavaScript.
This is explored further in section 4.3

The benchmark consists of three projects: TypeScript®, VSCode'?,
and Vue!!. Together, these projects cover a range of programming
styles and abstraction levels commonly encountered in real-world
development.

The benchmark focuses on 50 functions that are suitable for auto-
matic test generation. Files primarily intended for distribution, such
as pre-built artefacts, as well as index and aggregation files, are ex-
cluded from selection to avoid non-executable or structurally trivial
code. the files were selected randomly based on these criteria. These

9https://github.com/microsoft/TypeScript
10https://github.com/microsoft/vscode
https://github.com/vuejs/vue
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functions amass 84 string types, 185 number types, 43 boolean
types, 122 undefined types, 35 null types, and 204 custom types.

4.2 Configurations and Parameters

To address the research questions, the experimental study evalu-
ates multiple configurations for the large language model used for
type inference, the deployment setting (cloud-based versus local),
and the embedding model employed by the RAG approach. The
configurations can be seen in Table 1.

Table 1: The model configurations of the study alongside their
respective parameter counts. Closed-source cloud models don’t
publicise their parameter count.

Category ‘ Model Parameter Count
Local Qwen 32 30B
Qwen 3 Coder'? 30B
Qwen 2.5 Coder'* 32B
Deepseek-R1'7 32B
StarCoder 2'° 15B
Cloud GPT-3.5-turbo -
GPT-4 -
GPT-5 mini -
Embedding | lamma-embed-nemotron'] 8B
(local) Qwen3-Embedding!8 4B
bert-base-uncased'® 110M

12 https://ollama.com/library/qwen3

13 https://ollama.com/library/qwen3-coder:30b

14 https://ollama.com/library/qwen2.5-coder:32b

15 https://ollama.com/library/deepseek-r1:32b

16 https://ollama.com/library/starcoder2

17 https://huggingface.co/mvidia/llama-embed-nemotron-8b
18 https://huggingface.co/Qwen/Qwen3-Embedding-4B

19 https://huggingface.co/Xenova/bert-base-uncased

4.2.1 Large Language Models for Type Inference. The study con-
siders both cloud-hosted and locally deployed large language models
in order to evaluate differences in type inference performance, token
and time consumption, and practical applicability.

For cloud-based inference, three models provided by OpenAl
are evaluated. These models were selected to represent a range of
capabilities, speed, and operational cost within a single provider
ecosystem. Additionally, it allows for a controlled comparison be-
tween models that differ primarily in scale and reasoning capacity
while sharing a common API and deployment environment.

For local inference, the study evaluates several open-weight mod-
els that can be deployed on local hardware. These models were
chosen based on prior work and publicly reported performance on
code-related tasks, as discussed by Coignion et al. [6] in a compre-
hensive study of LLM performance on Leetcode. The inclusion of
both general-purpose and code-specialised models allows the study
to examine how structured data, such as ASTs, or non-structured
data, such as documentation, affect the performance of the inference
across each model type.
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4.2.2 Embedding Models for Retrieval-Augmented Generation. For
configurations that employ the RAG approach, the choice of em-
bedding model constitutes an additional experimental variable. The
embedding models were selected from the Hugging Face Massive
Text Embedding Benchmark leaderboard'?, to cover a range from
lightweight embeddings to larger, code- and language-focused mod-
els. This allows the study to investigate how embedding quality and
model scale influence the types of retrieved information queried
from the database and, indirectly, type inference accuracy.

4.2.3 Parameter Settings. All experiments are conducted using a
fixed set of prompting parameters to ensure comparability across
configurations. A temperature value of 0.1 is used for both cloud-
based and locally deployed models. This value is chosen instead of
the default temperature of 1.0 to allow limited flexibility in model
responses and to discourage responses with types any or unknown.
For RAG-based retrieval, all embedding models are used with
their respective default configurations. In the RAG setup, extracted
code snippets are stored in the vector database with a dimensionality
configured to match the output dimensionality of the selected embed-
ding model. Similarity between vectors is computed using cosine
distance, which is commonly used for embedding-based semantic
retrieval as it ignores the magnitude of the vectors and focuses on
their direction. A recent study by Levy [22] argues that this makes it
optimal for asserting similarity in text and code embeddings.

4.2.4 Rationale. The experimental configurations are designed to
support a comprehensive evaluation of the proposed approaches. In
particular, these configurations enable comparisons between cloud-
based and local inference (RQ1, RQ2), assessments against prior test
generation techniques (RQ3), and analyses of the role of retrieved
context and embedding quality in the RAG approach (RQ4).

4.3 Experimental Protocol

We have designed an evaluation pipeline for extracting ground truth
of the types and comparing against the inferred responses, seen in
figure 3. The pipeline extracts the types from the TypeScript func-
tions using the language’s standard type-assertion methods. These
are stored for evaluation, and the functions are converted to plain
JavaScript using the t ranspile method. The JavaScript functions
are passed to the approaches, and their responses are compared
against the stored ground truth.

To answer RQ1, we run the evaluation pipeline on 50 functions
from the 3 projects stated in the Benchmark 4.1. For each of the 3 ap-
proaches and 8 model configurations, 5 local and 3 in the cloud, we
perform 10 runs; this produces 12,000 total type-inferred functions.
All runs will capture token usage and inference time to help answer
RQ2. To answer RQ3, we compare SynTest’s proportional sam-
pling approach to the best performing approach from the previous
experiment using the same evaluation.

RQ4 requires that we investigate the categories of units queried
from the database for the RAG approach. For this, we query the
same 50 functions for the 10 most relevant units and analyse which
categories identified in subsection 3.3.1 they fall under. As men-
tioned previously, we omit retrievals which fully match the function-
under-test. These 50 functions are run 10 times for each of the 3
configurations for embedding models, producing 1,500 total runs.

"Zhttps://huggingface.co/spaces/mteb/leaderboard
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Figure 3: Evaluation pipeline used for evaluating LLM-based
type inference approaches in JavaScript.

The experiments will evaluate multiple metrics for answering
the research questions. Accuracy, or top-1 accuracy, describes the
correctness of an inferred type as the model’s first guess. Likewise,
we note the accuracy until fop-5, correctness in the first 5 guesses,
to construct a Mean Reciprocal Rank (MRR) metric [7, 31]. This
metric conveys how many attempts are needed to reach a certain
level of correctness. Lastly, we measure resource consumption in
the form of roken usage and inference time, the latter of which can
be used in conjunction with the accuracy to determine efficiency.

To ensure statistical significance, we use statistical analyses on
the results for RQ1 and RQ3. We employ the Friedman test [12],
a non-parametric statistical ranking test used to detect differences
in treatments across multiple related groups—in our case, being
the approaches—with a significance level of o = 0.05. This gives
us 144 blocks for the results of RQ1 and 18 blocks for the results
of RQ3. We use Kendall’s concordance coefficient W [5] to assess
the agreement among the files in the benchmark against the results
of the approaches. We also use the Nemenyi post hoc test [34] to
determine which approaches show significant differences after the
Friedman test rejects the null hypothesis. Lastly, the significance of
the results is plotted on a Critical Distance (CD) diagram.

The experiments are performed on a system with an M1 Pro SoC
(8 performance cores and 2 efficiency cores at 3.2 GHz) and 32 GB
of unified memory. Each experiment is given a maximum of 24 GB
of VRAM.

5 Results

This section presents and analyses the empirical findings of the study
to answer the research questions defined in Section 4. For each
question, the corresponding experiments, quantitative outcomes, and
relevant observations are reported and interpreted in relation to the
study objectives.
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5.1 Results for RQ1: Type Inference Effectiveness

Table 2 shows the Top-1 through Top-5 accuracies, along with the
MRR @5 constructed from these, for each model configuration and
approach, on the average of the benchmarks.

On average for each configuration, Source File inference achieves
a Top-1 accuracy of 30.3%, AST inference achieves 20.1%, and RAG
inference achieves 39.6%. Additionally, the approaches achieve an
average MRR @5 score of 0.47 for Source file inference, 0.34 for
AST inference, and 0.57 for RAG inference.

cD

|

SF

Figure 4: Critical Distance diagram for the 3 approaches across
all configurations and benchmarks. A difference larger than the
critical distance indicates a significant difference in the results
of the approaches.

Figure 4 plots the result of the Friedman test and Nemenyi post
hoc test for significant difference on a Critical Distance diagram, and
shows that all approaches yield significantly different results; with
RAG achieving the best mean rank (1.3993), followed by Source File
(2.1424) and AST (2.4583). Effect sizes reinforce this interpretation.
The comparison between RAG and AST shows a large effect, while
RAG versus Source File shows a medium effect. In contrast, the
difference between the Source File approach and the AST approach
is small. The full statistical analysis results are provided in Appendix
B.1 and in the Notebook provided in the project source code.

One of the surprising results is the large decrease in accuracy
from the Source File approach to AST. The AST approach is de-
signed to extract more high-quality data from source code, such
that the models offer more precise predictions and are less likely to
hallucinate. However, increasing the context provided to the model
doesn’t always yield better results, especially when the data is in
a different form than what it is likely trained on [27], i.e. Abstract
Syntax Tree form. Furthermore, ASTs of source code tend to be
significantly larger in terms of tokens than the source code itself; this
increases the chance of attention bias, which is an LLM’s natural
bias to give more importance to the first N and the last M tokens of
the request than they give the middle [52]. The results for the AST
inference indicate that these drawbacks have had a larger impact on
the approach’s performance than the additional high-quality data.

Insight 1. AST-based context, despite its structural richness, un-
derperforms against Source File inference by 10.2% on average.
Unfamiliar representation and inflated token counts introduce
attention bias that outweighs the benefit of structured data.

From the model configurations, the best performing local model
is Qwen 3 Coder with an MRR@5 of 0.57, 0.45 and 0.66 across
Source File, AST and RAG approaches, respectively. The best per-
forming cloud model is GPT-5 mini, with an MRR @5 of .55, 0.44
and 0.61. Both the size of the models and the reasoning capabilities

Lucian Negru

have shown to be important factors in their performance. Addition-
ally, the coding models: Qwen 3 Coder, Qwen 2.5 Coder, StarCoder
2, and to some extent GPT-5 mini perform significantly better than
their non-coding counterparts. Additionally, Qwen 3 Coder running
locally marginally outperformed GPT-5 mini, the highest-scoring
cloud model, despite OpenAl’s model being theorised to be much
larger. This may be largely influenced by the fact that Qwen 3 Coder
is trained on more source code proportionally than GPT-5 mini is.
This also sheds insights on GPT-5 mini’s slight win over Qwen 2.5
Coder in the AST approach, which benefits from better reasoning
over contextual data likely not similar to what the model is trained
on.

Table 3 shows the results of each local and cloud model configu-
ration against each type of inference approach for every benchmark
file in the evaluation. The approaches are labelled SF (Source File
inference), AST (AST inference), and RAG (RAG inference). The
units column represents the number of functions evaluated within
a specific file. The metrics represent the average Top-1 correctness
across 10 runs of the file. The best-performing approach per model
is highlighted.

The file that is type-inferred most accurately across the board
is TypeScript’s emitter.ts. The units in this file contain detailed
documentation and various abstracted functionality through call
sites. This usage of natural language, paired with expressively-
named helper functions, may help the non-coding models maintain
competitive results. Conversely, the worst performing units are un-
der VSCode’s editorService.ts and Vue’s patch.ts. Both of
these files’ custom types are aggregates of other custom types from
other classes throughout the project. This affects the performance
of the Source File and AST approaches as they only add, at most,
2 layers of imports to their context. It is worth noting that for the
editorService.ts units, the RAG approach performs significantly
better; this may be due to the nested custom types often containing
the word "Editor", which the RAG approach can query for project-
wide without encountering the import limitation of the other two
approaches.

Insight 2. Retrieval matters more than representation quality.
The primary performance driver across all approaches was not
how well context was structured, but whether relevant context
could be retrieved selectively.

We can observe that the greatest factors influencing performance
across the approaches are the size of the provided context and the
ability to query for relevant context. The former provides dimin-
ishing returns as context size grows in proportion to the model’s
size, and the latter allows even the smallest model (StarCoder 2) to
perform competitively.

5.2 Results for RQ2: Token and Time
Consumption

Table 2 also shows the number of tokens each approach passes as
context, along with the average per-unit inference time.

The preprocessing technique of the AST approach provides signif-
icantly more tokens to the model’s context than the other approaches.
This has the drawback of increasing costs for cloud models, increas-
ing inference time and increasing the likelihood of hallucination [50].
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Table 2: Results across all approaches, benchmarks and configurations. RAG is configured with the llama-embed-nemotron embedding
model which queries for the top-10 relevant snippets. Metrics are per-function averages from 10 runs. The inference time for the RAG
approach takes into account the time for querying the function-under-test.

Approach ~ Model Metrics
Top-1 Top-2 Top-3 Top-4 Top-5 | MRR@5 # Tokens Cor_nputatlon
time (s)
Source file ~5.6K
Qwen 3 (30B) 034 056 068 072 0.5 0.51 34.74
Qwen 3 Coder (30B) 038 0.62 074 081 087 0.57 33.61
Qwen 2.5 Coder 32B) 031 050 0.63 073  0.77 0.48 36.13
DeepSeek-R1 (32B) 022 039 053 0.60 0.62 0.37 42.94
StarCoder 2 (15B) 024 043 058 069 073 0.42 26.64
GPT-3.5-turbo 027 045 059 065 071 0.43 13.49
GPT-4 030 047 062 0.71 0.74 0.46 42.38
GPT-5 mini 036 060 075 0.81 0.86 0.55 12.18
AST ~13.1K
Qwen 3 (30B) 022 041 056 063 0.66 0.39 73.20
Qwen 3 Coder (30B) 026 049 065 0.70 0.73 0.45 72.36
Qwen 2.5 Coder 32B) 023 045 057 066 0.70 0.41 83.95
DeepSeek-R1 (32B) 0.15 026 032 035 039 0.24 91.07
StarCoder 2 (15B) 0.16 029 034 039 042 0.26 49.54
GPT-3.5-turbo 0.11 0.16  0.21 024  0.25 0.16 32.25
GPT-4 020 041 052 058 063 0.37 54.62
GPT-5 mini 028 047 062 0.67 0.69 0.44 20.73
RAG ~3.9K
Qwen 3 (30B) 042 0.67 084 089 094 0.62 34.84
Qwen 3 Coder (30B) 049 0.68 086 0.89 093 0.66 34.71
Qwen 2.5 Coder (32B) 043 0.65 081 0.84 0.85 0.60 32.26
DeepSeek-R1 (32B) 035 051 063 073 076 0.50 37.35
StarCoder 2 (15B) 035 053 062 071 0.75 0.51 26.79
GPT-3.5-turbo 032 054 060 067 072 0.48 12.06
GPT-4 038 061 076 0.88 093 0.58 33.24
GPT-5 mini 043 062 079 087 090 0.61 12.23

Another downside is that the provided context might be too large
for a model’s context window, as is the case with the GPT-3.5-turbo
results, in which case the context gets cut short and relevant infor-
mation can be left out.

Inference time is also measured and reported as a per-unit aver-
age, which includes both processing and response generation. The
responses are generated without streaming, which means the whole
response is received at once. For the local models, their size and
their reasoning capacity influence the inference time. Results show
that the reasoning models take longer to generate a response than
the non-reasoning ones. Likewise, the non-coding reasoning models
take longer than the coding ones, suggesting they are predisposed to
reason about the context for longer.

To further assess the trade-off in performance and inference time,
we calculate an efficiency metric defined as MRR @5 divided by in-
ference time. The best-performing configuration overall, RAG with
Qwen 3 Coder, achieves an MRR @5 of 0.66 with a inference time
of 34.71 seconds, resulting in an efficiency score of approximately

0.019. In contrast, the fastest configuration, RAG with GPT-3.5-
turbo, achieves an MRR @5 of 0.48 in 12.06 seconds, corresponding
to an efficiency of approximately 0.040. The most efficient configu-
ration is GPT-5 mini using the RAG approach; with an MRR@5 of
0.61 and inference time of 12.23 seconds, it achieves an efficiency
of 0.050. Although its absolute predictive performance is lower than
Qwen 3 Coder, it delivers much more performance relative to its
inference time.

From the perspective of search-based automatic test case gen-
eration, type inference must be evaluated not only by predictive
accuracy but also by its speed. More efficient configurations deliver
lower absolute accuracy but substantially higher performance per
second. Because automatic test case generation iteratively evaluates
and improves candidate inputs, even imperfect type predictions can
significantly accelerate convergence if they eliminate invalid regions
of the search space. Therefore, the most suitable configuration for
automatic test case generation is not necessarily the most accurate
one, but the one that offers the best balance between search space
reduction and computational efficiency.
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Table 3: Top-1 correctness of the approaches for each model. SF represents Source File inference, AST represents AST inference,
and RAG represents RAG inference. RAG is configured with the llama-embed-nemotron embedding model. Results are shown for 30
TypeScript, 15 VSCode and 15 Vue functions for 10 runs each.

Panel A: Local models.

Qwen 3 (30B)

| Qwen 3 Coder (30B) | Qwen 2.5 Coder (32B) | DeepSeek-R1 (32B) | StarCoder 2 (15B)

Benchmark & File name  # Units
SFAST RAG| SF AST RAG | SF AST RAG | SF AST RAG| SF AST RAG
TypeScript 30
parser.ts 5 0.05 0.02 0.0 | 0.15 0.07 037 | 0.00 0.00 0.00 0.00 0.00 0.00 | 0.02 0.02 0.05
checker.ts 6 0.12 000 0.26 | 0.16 0.04 022 | 0.10 0.31 0.29 0.02 0.00 0.17 | 0.00 0.00 0.14
emitter.ts 4 045 045 043 | 045 032 056 | 028 042 0.50 0.22 0.07 0.22 | 034 021 0.25
binder.ts 3 027 034 034 | 036 043 034 | 027 0.27 0.21 0.13 0.11 0.6 | 0.11 0.18 0.14
services.ts 5 0.00 0.00 0.2 | 0.04 0.10 0.08 | 0.00 0.04 0.10 0.00 0.00 0.05 | 0.00 0.00 0.00
completions.ts 4 0.10 0.00 0.05 | 0.18 005 0.05 | 0.08 0.02 0.03 0.00 0.00 0.00 | 0.00 0.00 0.00
session.ts 3 0.06 0.15 0.28 | 0.02 026 0.54 | 0.00 0.18 0.43 0.00 0.08 0.21 | 0.02 0.00 0.25
VSCode 15
uri.ts 4 0.16 0.02 025 | 025 022 036 | 023 0.26 0.26 0.02 0.00 0.03 | 0.14 0.10 0.21
instantiationService.ts 3 0.18 0.07 0.14 | 0.11 0.7 0.13 | 0.12 0.00 0.10 0.04 0.05 013 | 0.06 0.00 0.11
editorService.ts 3 0.00 0.02 0.8 | 0.10 0.00 0.22 | 0.00 0.08 0.16 0.10 0.00 0.00 | 0.00 0.01 0.00
editorBrowser.ts 2 050 035 022|030 011 030 | 026 0.21 0.28 0.16 023 023 | 0.15 0.18 0.20
workbench.ts 3 0.12 023 058 | 0.12 038 0.74 | 0.09 0.13 0.21 0.04 0.02 013 | 0.14 0.18 0.27
Vue 15
parse.ts 2 025 0.16 037 | 020 0.12 053 | 028 0.31 0.26 024 0.15 0.27 | 031 0.15 0.27
compileScript.ts 3 0.10 0.00 0.18 | 0.14 0.18 0.18 | 0.09 0.00 0.13 0.00 0.00 0.08 | 0.00 0.00 0.00
src/render.ts 3 0.06 0.08 0.08 | 0.06 0.00 0.03 | 0.07 0.00 0.07 0.03 0.00 0.00 | 0.01 0.01 0.00
init.ts 2 0.66 0.14 053 | 054 005 052 | 025 0.08 0.34 0.26 021 037 | 0.15 0.06 0.32
instance/render.ts 2 0.15 0.15 0.25 | 023 020 038 | 0.16 0.23 0.23 0.18 0.03 0.14 | 023 0.10 0.28
patch.ts 3 0.00 0.05 0.00 | 0.00 000 0.13 | 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00
Panel B: Cloud models
Benchmark  File name # Units GPT-3.5-turbo | GPT-4 | GPT-5 mini
SF AST RAG| SF AST RAG | SF AST RAG
TypeScript 30
parser.ts 5 0.02 0.00 0.00 | 0.04 006 0.06 |0.12 003 0.21
checker.ts 6 0.18 023 0.21 | 011 003 022|019 001 023
emitter.ts 4 047 036 056 | 054 052 0.67 | 047 044 0.58
binder.ts 3 030 028 031 | 022 026 027 032 029 038
services.ts 5 0.00 0.00 0.23 | 0.00 0.01 0.08 | 0.03 0.05 0.05
completions.ts 4 0.01 0.00 0.01 | 008 0.00 0.08 |0.14 0.11 0.26
session.ts 3 0.00 0.04 0.20 | 0.04 0.00 025 | 007 0.05 0.29
VSCode 15
uri.ts 4 022 0.14 025 | 0.14 004 023 |021 0.13 0.21
instantiationService.ts 3 0.14 000 0.12 | 015 0.05 0.13 | 0.15 0.6 0.15
editorService.ts 3 0.00 0.00 0.08 | 0.00 0.00 0.26 | 0.16 0.04 0.27
editorBrowser.ts 2 023 0.17 027 | 047 023 054 | 027 0.16 0.38
workbench.ts 3 0.05 0.03 0.1 | 0.00 0.01 012 |038 025 0.58
Vue 15
parse.ts 2 026 026 023|017 004 017 |0.15 0.07 023
compileScript.ts 3 0.06 0.00 0.8 | 0.03 0.00 024 |0.15 0.17 0.21
src/render.ts 3 0.01 0.00 0.03 | 0.02 0.07 0.07 | 003 0.00 0.07
init.ts 2 024 0.00 0.19 | 035 0.16 038 | 035 0.00 049
instance/render.ts 2 0.19 0.19 028 | 0.14 0.15 0.19 | 016 0.13 0.15
patch.ts 3 0.00 0.00 0.01 | 0.00 0.00 0.00 | 0.02 0.00 0.05
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Insight 3. The trade off between accuracy and computation
time of LLM-based type inference is caused by the size of the
model and the number of tokens passed to the context.

5.3 Results for RQ3: Comparison with
Probabilistic Technique

Table 4 shows the performance of the 3 LLM-based approaches
configured with Qwen 3 Coder against SynTest’s proportional rank-
ing approach across each file in the benchmarks. The performance
is measured in Top-1 correctness, as the proportional ranking ap-
proach returns one inferred type. The results indicate that SynTest’s
proportional sampling performs slightly better than the LLM-based
Source File inference, with average accuracies of 0.19 and 0.20,
respectively; while the RAG inference approach achieves a higher
0.32 average accuracy.

AST
Source File

RAG
Prop. Sampling

Figure 5: CD diagram visualizing the results of the Friedman
and Nemenyi statistical tests on the results of the 4 approaches.
A difference larger than the critical distance indicates significant
difference in the results of the approaches.

Figure 5 visualises these results after performing the Friedman
and Nemenyi non-parametric tests. There, we can see that the re-
sults of all the approaches, apart from those of AST and RAG, are
not significantly different from one another, but they may still be
practically meaningful.

The Friedman test indicates a statistically significant difference
among the four approaches (p = 0.024), confirming that the observed
variation in performance across configurations is unlikely to be due
to chance. Based on mean ranks (lower is better), RAG achieves
the best overall ranking (1.75), followed by Proportional Sampling
(2.61), Source File (2.64), and AST (3.00). This ranking pattern mir-
rors the mean-based results, with RAG consistently outperforming
the alternative approaches across benchmarks.

The Nemenyi post-hoc analysis further supports this interpreta-
tion. The largest and statistically meaningful separation is observed
between RAG and AST, corresponding to a large effect size. The
difference between RAG and Source File is of medium magnitude,
while the gap between RAG and Proportional Sampling is smaller but
still favours RAG. In contrast, the differences among AST, Source
File, and Proportional Sampling are small and not statistically pro-
nounced, as reflected by their close ranks and overlapping groupings
in the critical difference diagram. This again suggests that the pri-
mary performance gain stems from the introduction of retrieval
augmentation rather than from differences in how static context is
represented.

Certain files, such as parser. ts from TypeScript, perform poorly
for the Proportional Sampling approach (Top-1 accuracy of 0.03)
while performing substantially better for RAG (Top-1 accuracy of
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0.37). Looking at the file, we can notice that it contains a large
number of classes extending common interfaces. An excerpt of
these interfaces can be seen in Listing 1. These interfaces extend
TypeNode, which itself extends Node, resulting in many commonly
named methods between the types. The probabilistic approach lever-
ages the names and calls to these methods to infer the types of the
objects upon which they was called, often guessing wrongly. The
RAG approach, however, is able to retrieve all these definitions into
it’s context through semantic search similarity, and infer the correct
one by means of natural language processing and behaviour analysis.

Listing 1: Excerpt of the the class interfaces declared in Type-
script’s parser. ts file.
interface NamedTupleMember extends TypeNode,
Declaration, JSDocContainer {
readonly kind: SyntaxKind.NamedTupleMember;
readonly dotDotDotToken?: Token<SyntaxKind.
DotDotDotToken >;
readonly name: Identifier;
readonly questionToken?: Token<SyntaxKind.
QuestionToken >;
readonly type: TypeNode;

}

interface OptionalTypeNode extends TypeNode {
readonly kind: SyntaxKind.OptionalType;
readonly type: TypeNode;

}

interface RestTypeNode extends TypeNode {
readonly kind: SyntaxKind.RestType;
readonly type: TypeNode;

Regarding dispersion, RAG exhibits the highest variability (MAD
=0.19) compared to the other approaches (0.08-0.10). Two factors
may explain this. First, RAG introduces an additional stochastic
retrieval component, which can increase variability across runs and
benchmarks. Second, RAG constructs a selective, condensed context
rather than providing complete structural information. When the
retrieved snippets align closely with the semantic intent of the target
function, performance can be substantially improved; however, when
retrieval yields partially relevant or less informative snippets, per-
formance may decline more noticeably. The full statistical analysis
results are provided in Appendix B.2 and in the Notebook provided
in the project source code.

Despite this increased variability, RAG’s advantage remains ro-
bust. Its median performance (0.320) is substantially higher than
that of AST (0.115), Source File (0.155), and Proportional Sampling
(0.160), and its superior mean rank confirms consistent outperfor-
mance across tasks. Overall, the analysis reinforces the conclusion
that retrieval-augmented prompting yields an improvement over both
probabilistic and non-retrieval LLM-based approaches.

Insight 4. Probabilistic inference remains competitive for prim-
itive types, where speed allows multiple iterations before any
LLM responds. LLM-based approaches — particularly RAG
— offer a clear advantage only when types are complex, user-
defined, or package-reliant.
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Table 4: Top-1 correctness of LLM approaches compared to SynTest’s probabilistic proportional sampling approach. All LLM
approaches run on Qwen 3 Coder, the RAG approach is configured with the llama-embed-nemotron embedding model. Results are
shown for 30 TypeScript, 15 VSCode and 15 Vue functions for 10 runs each.

Benchmark File name # Units Source File AST RAG | Proportional sampling
TypeScript 30
parser.ts 5 0.15 0.07 0.37 0.03
checker.ts 6 0.16 0.04 0.22 0.28
emitter.ts 4 0.45 0.32  0.56 0.49
binder.ts 3 0.36 043 0.34 0.15
services.ts 5 0.04 0.10 0.08 0.00
completions.ts 4 0.18 0.05 0.05 0.10
session.ts 3 0.02 0.26 0.54 0.17
VSCode 15
uri.ts 4 0.25 0.22  0.36 0.43
instantiationService.ts 3 0.11 0.17 0.13 0.36
editorService.ts 3 0.10 0.00 0.22 0.00
editorBrowser.ts 2 0.30 0.11  0.30 0.21
workbench.ts 3 0.12 0.38 0.74 0.24
Vue 15
parse.ts 2 0.20 0.12  0.53 0.06
compileScript.ts 3 0.14 0.18 0.18 0.15
src/render.ts 3 0.06 0.00 0.03 0.06
init.ts 2 0.54 0.05 0.52 0.48
instance/render.ts 2 0.23 0.20 0.38 0.26
patch.ts 3 0.00 0.00 0.13 0.07

5.4 Results for RQ4: Retrieved Context in RAG

Table 5 summarises the frequency of selected snippet types across
TypeScript, VSCode, and Vue for the evaluated embedding models.
Across all projects, function definitions are the most frequently
retrieved snippet type. This is particularly pronounced in the Type-
Script project, where function snippets dominate the results. This
behaviour can be explained by the architecture of the compiler, in
which the functions under test represent primary units of logic and
are highly coupled with other functions. Because embedding sim-
ilarity is influenced by lexical overlap and structural resemblance,
functions with similar names and definitions are strongly matched.
In TypeScript, call sites are also frequently retrieved. The com-
piler makes extensive use of recursion and delegation, meaning that
functions under test often contain numerous calls to other functions
with related semantics. These call expressions closely resemble
call-site snippets stored in the database, increasing their retrieval
likelihood. Additionally, the compiler architecture is dominated by
large switch statements over SyntaxKind. These blocks often rep-
resent substantial portions of the function logic and may appear in
retrieval results as control-flow hints. While such hints are less fre-
quent than function definitions, they are noticeably more common in
TypeScript than in the other projects. This aligns with the compiler’s
heavy reliance on type-based branching. The relatively high number
of retrieved JSDoc snippets suggests that core TypeScript compiler
APIs are generally well documented; matching function names often
align with @param and @returns descriptions. In contrast, variables,

imports, and exports appear infrequently, likely because they provide
less distinctive semantic information about the core function logic.

The VSCode results exhibit a different distribution. While func-
tion definitions remain common, class snippets are retrieved far
more frequently than in the other projects. This reflects VSCode’s
architecture, which is structured around services, controllers, and
views. Logic is grouped within classes rather than separated into
stand-alone functional units, increasing the structural similarity be-
tween queried functions and class definitions. Consequently, both
method definitions and their enclosing classes are retrieved. Com-
pared to TypeScript, control-flow hints are substantially less frequent.
VSCode avoids large switch (kind) constructs and instead relies
on polymorphism, where behaviour is distributed across class hier-
archies. As a result, fewer explicit typeof checks or switch-based
control structures are present in proximity to the queried functions,
reducing their retrieval rate.

Vue presents yet another pattern. A high number of function
and call-site snippets are retrieved, which can be attributed to the
extensive use of nested function definitions, delegation, and compile-
time macros that are parsed as call expressions. Additionally, Vue
shows a comparatively high number of retrieved variable snippets.
Unlike the class-centric structure of VSCode, Vue frequently as-
signs functional logic to variables through destructuring or helper
assignments, especially in the compiler and render-related modules.
This may increase the semantic similarity between queried functions
and variable declarations holding executable logic. Despite the pres-
ence of complex conditional logic in Vue’s diffing and rendering
mechanisms, control-flow hints are relatively rare. This is because
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Table 5: The number of units extracted from each benchmark’s vector database, grouped by information category. Shows counts for
each categories after querying 30 TypeScript, 15 VSCode and 15 Vue functions for 10 runs each. For the embedding models, Llama
represents llama-embed-nemotron, Qwen represents Qwen3-embedding, and Bert represents bert-base-uncased.

Snippet type TypeScript VSCode Vue
LLama Qwen Bert | LLama Qwen Bert | LLama Qwen Bert

Function 104 107 129 49 41 68 77 84 79
Call Site 98 88 102 16 18 23 39 32 31
Object Shape 0 2 0 0 0 1 1 3 4
Variable 2 6 2 10 8 9 24 29 20
Class 13 17 11 56 63 35 5 1 3
JSDoc 33 17 19 13 11 9 2 0 2
Imports 0 1 1 1 2 0 0 1 0
Exports 0 2 0 2 0 0 0 0 0
Literal value 3 5 4 3 4 3 2 0 1
Control-flow hint 47 45 32 0 3 2 1 0 8

Vue typically performs property-based comparisons such as equality
checks between nodes rather than primitive type checks such as
typeof, which are parsed as control-flow hints. Furthermore, due
to Vue’s mixin-based architecture, class definitions are uncommon,
which is reflected in the low retrieval frequency of class snippets. Fi-
nally, unlike TypeScript, Vue does not consistently document every
function, explaining the limited number of JSDoc matches.

The observed differences between the embedding models can
be due to their scale, training objectives, and architectural capacity.
Llama Embed Nemotron (8B parameters) and Qwen 3 Embed (4B
parameters) are large, instruction-tuned transformer models trained
on diverse corpora, enabling them to capture higher-level seman-
tic relationships beyond lexical similarity. Their larger parameter
counts allow them to encode more nuanced structural and contex-
tual information, which may explain their stronger alignment with
semantically meaningful snippet types such as function definitions
or classes. In contrast, BERT-uncased (110M parameters), originally
trained on general natural language data with a masked language
modelling objective, has substantially lower representational capac-
ity and limited exposure to source code structure. As a result, its
embeddings are more likely to rely on surface-level token overlap
rather than deeper program semantics, potentially leading to dif-
ferent retrieval distributions. The parameter gap not only reflects
differences in model size but also in semantic abstraction capability,
domain adaptation, and robustness to variation, all of which directly
influence retrieval behaviour.

Overall, the results indicate that the RAG approach predominantly
retrieves structurally central elements—primarily function defini-
tions and call sites, while the distribution of other snippet types
strongly reflects project architecture. Compiler-style systems such
as TypeScript favour control-flow and documentation matches, class-
oriented systems like VSCode emphasise class context, and mixin
or function-heavy architectures such as Vue increase variable and
nested function retrieval. At the same time, differences between
embedding models suggest that retrieval behaviour is also shaped by
model capacity and domain alignment: larger, code-oriented mod-
els better capture semantic and structural relationships, whereas
smaller, general-purpose models like BERT-uncased rely more on
surface-level token similarity. Thus, both software architecture and

embedding model characteristics jointly influence which information
types are selected by the RAG pipeline.

Insight 5. Retrieved context distribution reflects project archi-
tecture. This makes RAG "architecture-aware" in practice, even
without explicit design for it.

6 Threats to Validity

The design and execution of this work introduce potential limitations
that may affect the interpretation and generalisation of the results. To
ensure transparency and credibility, this section discusses the main
threats to validity associated with the study. It focuses on external
validity, concerning the extent to which the results generalise be-
yond the evaluated benchmarks and configurations, and conclusion
validity, relating to the reliability of the statistical analysis and the
inferences drawn from the experimental results. For each identified
threat, we outline the measures taken during the study design and
evaluation process to mitigate its potential impact.

6.1 External Validity

A potential threat to external validity stems from the benchmark
selection, as the study evaluates only three large projects: the Type-
Script compiler, VSCode, and Vue. However, these systems repre-
sent substantially different architectural and programming paradigms
commonly observed in modern JavaScript/TypeScript ecosystems.
The TypeScript compiler follows a largely functional, compiler-
oriented design with extensive control-flow logic and recursive
function structures. VSCode, in contrast, adopts a strongly object-
oriented architecture composed of services, controllers, and inter-
acting classes. Vue represents a framework-style architecture with
extensive use of mixins, factory patterns, and nested functions. These
structural differences expose the evaluated approaches to diverse
coding patterns, dependency structures, and type usage scenarios.
As aresult, the benchmark captures a broader range of real-world
development practices, helping mitigate the risk that the findings are
specific to a single project architecture or coding style.

Another potential threat to external validity is data leakage, where
models may perform well not due to genuine inference capabilities
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but because they have previously seen the evaluated code during
training. To mitigate this risk, the study constructs benchmarks from
TypeScript projects which are transpiled to JavaScript before be-
ing provided to the evaluated approaches. This process serves two
purposes. First, it enables the extraction of ground truth type informa-
tion directly from the original TypeScript source, ensuring reliable
evaluation. Second, by providing the models with the transpiled
JavaScript rather than the original TypeScript code, the likelihood
that the models can simply recall previously seen type annotations
is reduced, encouraging genuine inference based on the available
context. Additionally, the training datasets of the evaluated models
were investigated to determine whether the selected benchmarks
were explicitly included. Among the evaluated models, only Star-
Coder 2 provides full transparency regarding its training corpus,
which includes the Stack v2'3 dataset. An inspection of this dataset
revealed that none of the three benchmark projects—TypeScript,
VSCode, or Vue—or the functions under test are present, further
reducing the likelihood that the results are influenced by recall rather
than inference.

6.2 Conclusion Validity

A potential threat to conclusion validity arises from the non-deterministic

nature of large language models, which can produce different outputs
for the same prompt due to stochastic decoding and internal sampling
processes. This variability may introduce noise into the experimental
results and affect the reliability of performance comparisons. To
mitigate this risk, each experiment in this study was executed ten
times, allowing the results to capture the variability inherent in the
models’ responses. The aggregated outcomes were then analysed
using non-parametric statistical methods, specifically the Friedman
test to detect overall differences among the evaluated approaches and
the Nemenyi post-hoc test to perform pairwise comparisons based
on rank differences. By relying on repeated measurements, the study
reduces the impact of stochastic variation and increases confidence
that the reported differences reflect systematic performance trends
rather than random fluctuations.

Another potential threat to conclusion validity is prompt design
bias. Since large language models are sensitive to the structure and
wording of prompts, differences in prompt formulation may influ-
ence model performance independently of the evaluated approach.
In this study, slightly different prompts were required for each ap-
proach to accommodate the different forms of context provided (e.g.,
AST representations, source files, or retrieved snippets). However,
the core instructions, task description, and output requirements were
kept consistent across prompts. Furthermore, all configurations of a
given approach used the exact same prompt, ensuring that compar-
isons within each approach reflect differences in model behaviour
rather than prompt variations. This design helps ensure that perfor-
mance differences primarily stem from the contextual information
provided to the models rather than from prompt formulation.

7 Conclusion and Future Work

This study investigated the use of large language models for type in-
ference in JavaScript, with the goal of improving automatic test case
generation. By designing and evaluating three approaches across
multiple models and real-world projects, the study assessed both

Bhttps://huggingface.co/datasets/bigcode/the-stack-v2
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inference effectiveness and efficiency. The experimental pipeline
enabled a systematic comparison against probabilistic techniques, us-
ing ground-truth types derived from TypeScript to evaluate accuracy
and performance.

The findings show that retrieval-augmented approaches consis-
tently outperform both traditional LLM prompting strategies and
probabilistic inference, particularly for complex, user-defined, and
package-dependent types. The results highlight that selectively re-
trieving relevant context is more impactful than increasing the amount
or structural richness of provided information. Additionally, while
LLM-based approaches excel in handling complex structures, proba-
bilistic methods remain competitive for primitive types due to their
speed and iterative capabilities.

Overall, the study demonstrates that LLM-based type inference
is a viable direction for enhancing test generation in JavaScript, es-
pecially when combined with retrieval mechanisms. However, the
trade-off between accuracy and efficiency suggests that hybrid ap-
proaches, leveraging probabilistic methods for simple cases and
LLMs for complex ones, offer the most practical path forward. Com-
bined with the increasing performance of LLMs and machine learn-
ing hardware, these insights provide a foundation for future research
into type inference systems.
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A Prompt Templates

This appendix contains the prompt templates for each of the ap-
proaches.

A.1 Source File Inference

You are a static type inference assistant. Given JavaScript
code, infer precise TypeScript-style types.

Analyze the following JavaScript code:

${sourceCode}

For each identifier, provide 5 possible type predictions or-
dered by confidence (most confident first).

Respond only with a JSON array using this exact schema for
each identifier found:

{

"entity": "function]|
variable |
class|
class-method",

"name": "identifier\_name",
"location": {
"line": 1,
"column": 0
b, A2
"types": {
"params": { "paramName": "type" },
"return": ["typel",
"type2",
"type3",
"typed",
"typed"]

}

IMPORTANT EXTRACTION RULES:

1. Extract ALL identifiers including:

- Top-level functions (entity: "function")

- Variables and constants (entity: "variable")

- Class declarations (entity: "class")

- Class methods (entity: "class-method", name format: "Class-
Name.methodName")

- Arrow functions assigned to variables (entity: "function")

2. For location field:

- Estimate line numbers by counting lines in the source code
- Use column 0 if exact position is unknown

- ALWAYS include location object with line and column num-
bers

3. For types object:

- ALWAYS include "return" field as an array of 5 type predic-
tions

- Order the return types by confidence (most confident first)
- For functions and class-methods: include "params" object
(can be empty )

- For variables and classes: omit "params" field entirely

non nonpn,n

- Example for function: "types": "params": "a": "number", "b":

non non non non

"number", "return": ["number", "any", "unknown", "void",
"never"]
- Example for variable: "types": "return": ["string", "any",

non

"unknown", "string | null", "string | undefined"]

non non

- Example for class: "types": "return": ["ClassName", "any",
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"object", "unknown", "Object"]

4. TYPE INFERENCE RULES:

- Use specific TypeScript types: string, number, boolean, ar-
ray, function, null, undefined, void

- For object types, prefer interface/class names if defined in
the code

- For arrays, use "type[]" notation

- For class instances, use the class name as the type

- For class methods, use entity "class-method" and format
name as "ClassName.methodName"

- Provide diverse alternatives (e.g., specific type, union types,
general types like ’any”)

5. REQUIRED JSON STRUCTURE:

- Every item MUST have: entity, name, location, types

- location MUST have: line (number), column (number)

- types MUST have: return (array of 5 strings)

- types MAY have: params (object) - only for functions and
class-methods

Return only the JSON array, no markdown formatting or
explanations.

AST Inference

You are a static type inference assistant. Given a detailed
AST (Abstract Syntax Tree) representation of JavaScript code,
infer precise TypeScript-style types.

Analyze the following AST nodes extracted from JavaScript
code:

${snippetSummary }

The AST contains rich information including:

- Function bodies with return statements, variable usage pat-
terns, and function calls

- Parameter usage patterns showing how parameters are used
within functions

- Variable initializers with inferred types from literal values
- Type hints derived from operations and expressions

Use this detailed information to infer the most appropriate
TypeScript types.

For each identifier, provide 5 possible type predictions or-
dered by confidence (most confident first).

Respond only with a JSON array using this exact schema for
each identifier found:

{
"entity": "function]|
variable|
class|

class-method",

"name": "identifier_name",
"location": {
"line": line_number,
"column": column_number
b
"types": |
"params": { "paramName": "type" },
"return": ["typel",
"type2",
"type3",
"typed",
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A3

"typeS"]

}

CRITICAL EXTRACTION REQUIREMENTS:

database, infer precise TypeScript-style types for the main
code.

Analyze the following code snippet:

Here are the top ${topN} relevant code snippets from the
database:

1. MUST include ALL nodes from the AST analysis above ${contextSnippets }
2. Use correct entity types: And here is the source code:
- FunctionDeclaration nodes — entity: "function" ${sourceCode}

- VariableDeclaration nodes — entity: "variable"
- ClassDeclaration nodes — entity: "class"

- ClassMethod nodes — entity: "class-method"
- ArrowFunction nodes — entity: "function”

3. For ClassMethod nodes:
- MUST use entity: "class-method"
- Keep the full "ClassName.methodName" format as name

4. TYPES OBJECT RULES:
- ALWAYS include "return" field as an array of 5 type predic-

For each identifier in the original code snippet, provide 5 pos-
sible type predictions ordered by confidence (most confident
first).

Respond only with a JSON array using this exact schema for
each identifier found:

{

"entity": "function]|
variable|
class/|
class-method",

tions "name": "identifier_name",
- Order the return types by confidence (most confident first) "location": ({
- For classes: first type should be "ClassName", then alterna- "line": 1,
tives like "any", "object”, etc. "column": 0
- For variables: provide 5 alternative types based on usage }
" . non "non non H non H !
(e.g., [ str”mg , "any", "unknown", "string | null", "string | "typest: |
undefined"1) "params": { "paramName": "type" }
- For functions and class-methods: use both "params" and ’ ’ !
"return” "return": ["typel",
- For variables/classes: omit "params" field entirely "typez",
n t ype 3 n ,
5. TYPE INFERENCE RULES: "typed",
- Use specific TypeScript types: string, number, boolean, ar- "type5"]

ray, function, void, null, undefined

- For object types, prefer interface/class names if they exist in
the code

- For arrays, use "type[]" notation

- For class instances, use the class name as the type

- Analyze return statements for accurate return types

- Use parameter usage patterns to infer parameter types

- Provide diverse alternatives (e.g., specific type, union types,
general types like "any’)

6. Analyze initialization values and function bodies for accu-
rate type inference:

- String literals — ["string", "any", "unknown", "string | null",
"string | undefined"]

- Number literals — ["number"”, "any", "unknown", "number
| null", "number | undefined"]

- Boolean literals — ["boolean”, "any", "unknown", "boolean
| null", "boolean | undefined"]

- Array expressions — appropriate array type alternatives

- Object expressions — object type alternatives

- Class constructors — class name alternatives

NEVER return "undefined" as a type unless the value is ex-
plicitly undefined. Always include a "return" field as an array
of 5 types in the types object.

Return only the JSON array, no markdown formatting or
explanations.

RAG Inference

You are a static type inference assistant. Given a piece of
JavaScript/TypeScript code and some context from a vector

}

IMPORTANT EXTRACTION RULES:

1. Extract ALL identifiers from the **original code snippet**
including:

- Top-level functions (entity: "function")

- Variables and constants (entity: "variable")

- Class declarations (entity: "class")

- Class methods (entity: "class-method", name format: "Class-
Name.methodName")

- Arrow functions assigned to variables (entity: "function")

2. For location field:

- Estimate line numbers by counting lines in the source code
- Use column 0 if exact position is unknown

- ALWAYS include location object with line and column num-
bers

3. For types object:

- ALWAYS include "return" field as an array of 5 type predic-
tions

- Order the return types by confidence (most confident first)
- For functions and class-methods: include "params" object
(can be empty )

- For variables and classes: omit "params" field entirely

non ERRIPTINT]

- Example for function: "types": "params": "a": "number", "b":

non non non non

"number”, "return": ["number", "any", "unknown", "void",
"never"]
- Example for variable: "types": "return": ["string", "any",

"unknown", "string | null", "string | undefined"]

non non

- Example for class: "types": "return": ["ClassName", "any",
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"o

"object", "unknown", "Object"]

4. TYPE INFERENCE RULES:

- Use specific TypeScript types: string, number, boolean, ar-
ray, function, null, undefined, void

- For object types, prefer interface/class names if defined in
the code

- For arrays, use "type[]" notation

- For class instances, use the class name as the type

- For class methods, use entity "class-method" and format
name as "ClassName.methodName"

- Provide diverse alternatives (e.g., specific type, union types,
general types like "any’)

5. REQUIRED JSON STRUCTURE:

- Every item MUST have: entity, name, location, types

- location MUST have: line (number), column (number)

- types MUST have: return (array of 5 strings)

- types MAY have: params (object) - only for functions and
class-methods

Return only the JSON array, no markdown formatting or
explanations.
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B Statical Analysis

This appendix contains the results of the statistical tests used to
analyse the results of the experiments and answer RQ1 and RQI.

B.1 RQI1 Statistical Results

Comparing 3 approaches (SF, AST, RAG) across 8 models x 18
files = 144 blocks. Each (model, file) pair is treated as a single
dataset/block. The setup is summarized in Table 6.

Table 6: RQ1 statistical test setup

Item Value
Datasets (blocks) 144
Algorithms Source File, AST, RAG
Global test Friedman
Concordance Kendall’s W
Post-hoc Nemenyi
Visualisation Critical Distance (CD) diagram

Friedman Test. Non-parametric repeated-measures test: are there
significant differences among SF, AST, RAG across the 144 blocks?

The test yields chi2 = 97.4831 and p = 0.000000 — Significant
at oo = 0.05: at least one approach differs.

Kendall's W Test. Degree of agreement among the 18 files in how
they rank the 3 approaches. W = 0 means no agreement; W = 1
means perfect agreement.

The test yields W = 0.3385 (n=144, k=3) — moderate concor-
dance among blocks

Nemenyi Post-hoc Test. Pairwise comparison of all approaches after
a significant Friedman result.
The test yields the p-value matrix in Table 7.

Table 7: p-value matrix resulting from the Nemenyi Post-hoc
test on the results for RQ1.

‘ Source File AST RAG

Source File | 1.000000e+00 0.02007  8.642088e-10
AST 2.007013e-02  1.00000 0.000000e+00
RAG 8.642088e-10  0.00000  1.000000e+00

Plots. The plots of the results, including the CD diagram, can be
seen in Figures 6, 7 and 8.

B.2 RQ3 Statistical Results

Comparing 4 approaches (Source File, AST, RAG, Proportional
Sampling) across 18 files for a single model (Qwen 3 Coder 30B).
The setup is summarized in Table 8.

Friedman Test. Non-parametric repeated-measures test: are there
significant differences among SF, AST, RAG and Proportional Sam-
pling across the 18 blocks?

The test yields chi2 = 9.4310 and p = 0.024076 — Significant at
o = 0.05: at least one approach differs.
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Performance across 144 (model x file) blocks
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Figure 6: Boxplot of the three approaches across all 144 blocks.
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Figure 7: Average ranks for RQ1 results (Demsar-style; rank 1
= best, higher value — lower rank)
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Figure 8: Critical Distance diagram for RQ1 results.

Table 8: RQ3 statistical test setup

Item Value
Datasets (blocks) 18
Algorithms Source File, AST, RAG, Proportional Sampling
Global tests Friedman
Concordance Kendall’s W
Post-hoc Nemenyi
Visualisation Critical Distance (CD) diagram

Kendall's W Test. Degree of agreement among the 18 files in how
they rank the 4 approaches. W = 0 means no agreement; W = 1
means perfect agreement.
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The test yields W = 0.1746 (n=18, k=4) — weak concordance
among files.

Nemenyi Post-hoc Test. Pairwise comparison of all approaches after
a significant Friedman result.
The test yields the p-value matrix in Table 9.

Table 9: p-value matrix resulting from the Nemenyi Post-hoc
test on the results for RQ3.

| SF AST RAG Prop. Sampling
SF 1.000000 0.835794 0.164467 0.999904
AST 0.835794 1.000000 0.019255 0.802874
RAG 0.164467 0.019255 1.000000 0.187522

Prop. Sampling | 0.999904 0.802874 0.187522 1.000000

Plots. The plots of the results, including the CD diagram, can be
seen in Figures 9, 10 and 11.

Performance across 18 files (4 approaches)
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Figure 9: Boxplot of the four approaches across all 18 blocks.
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Figure 10: Average ranks for RQ3 results (Demsar-style; rank 1
= best, higher value — lower rank)
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Figure 11: Critical Distance diagram for RQ3 results.
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