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Abstract—Null Pointer Exceptions (NPEs) are one of the
leading causes of software crashes and runtime errors. Although
existing methods attempt to detect and classify NPE fixes, they
often fall short due to irrelevant or noisy data, a lack of contextual
understanding, and inefficiency in processing large and imbal-
anced datasets. To overcome these challenges, we propose an ap-
proach, called Augmented Agentic Commit Classification (AACC
for short), to accurately categorize commit patches as NPE fixes
or non-NPE. AACC leverages the code structure and contextual
insights from commit messages to capture the semantic intent
behind code modifications. It features four key advancements:
(1) Best example selection that filters high-quality, contextually
relevant commits to ensure the model learns from contextual
rich and accurate data; (2) an augmented knowledge base
that enriches classification by combining contextual metadata,
program semantics, and bug fix patterns; (3) a prioritise agent
that ranks commits based on relevance and impact, optimizing
resource allocation and boosting efficiency; and (4) an iterative
refinement process that enables the model to learn from feedback
to correct misclassifications, reducing false negative rates. Our
evaluation results on ChatGPT-4o suggest that it outperforms
the state-of-the-art approaches by improving the F1 score from
72.07% to 98.03%.

Index Terms—Null pointer exception, Patch classification

I. INTRODUCTION

In software engineering, a Null Pointer Exception (NPE)
arises when a program attempts to use a reference that points
to no object, often leading to abrupt application crashes, data
loss, and potential security vulnerabilities [1], [2]. The iden-
tification and resolution of NPEs are therefore of paramount
importance for ensuring software stability and a positive user
experience. Particularly in languages like Java, the prevalent
use of references makes NPEs a common and disruptive
runtime error [3]. As software systems inevitably grow in
scale and complexity, the challenge of maintaining reliability
escalates, rendering efficient NPE management crucial [4].

Traditional static analysis techniques, designed for compile-
time NPE detection, aim to catch these errors early [5], [6],
[7]. Various static bug detection tools have been developed
by both industry and academia to assist in this process [3],
[8], [9], [10]. However, these methods often suffer from high
rates of false positives and can overlook subtle runtime errors,
which limits their practical utility and adoption by developers
who find the sheer volume of warnings, many of which may

‡Corresponding author: Hui Liu (liuhui08@bit.edu.cn).

be inaccurate or unclear, overwhelming [11], [12], [5], [13].
This challenge underscores the critical need to improve future
NPE prevention strategies and develop more accurate detection
tools; first, we must have a deep and reliable understanding
of how NPEs are effectively resolved in practice.

This paper argues that a foundational step towards this
broader goal is the ability to accurately identify and categorize
past code modifications, specifically commit patches that gen-
uinely fix NPEs. Such precisely classified NPE fixes create
an invaluable knowledge base. This curated knowledge can
then fuel the development of next-generation NPE prediction
models trained on high-quality, verified data [14], potentially
leading to more accurate pre-commit warnings with fewer
false positives. Furthermore, understanding the patterns and
contexts of real-world NPE fixes can inform developer training
and lead to more robust coding practices. Thus, the task
of accurately classifying historical bug-fixing commits for
NPEs, while an intermediate step, is vital for advancing the
overarching objective of enhancing proactive NPE detection
and, ultimately, overall software reliability.

To achieve this nuanced classification, researchers are in-
creasingly leveraging the power of machine learning (ML),
deep learning (DL), and, particularly, Large Language Models
(LLMs) [15], [16]. These advanced AI techniques excel at
analyzing complex patterns and understanding the semantic
context within both natural language (such as commit mes-
sages) and source code [17], [18], [19], [20]. This capability
is essential for discerning the true intent and impact of code
modifications, which makes LLMs well-suited to accurately
identify NPE fixes from commit data, an area where earlier
NLP-based approaches have also shown promise [21], [22],
[23].

To address the specific challenge of accurately classifying
NPE-fixing commits, we introduce the Augmented Agentic
Commit Classification (AACC) approach. AACC is an LLM-
based approach designed to meticulously analyze the structure
of the code and the contextual details embedded in the commit
messages. By doing so, it aims to overcome common hurdles
such as noisy or irrelevant data and a lack of deep contextual
understanding, which can impede the precise identification of
genuine NPE fixes. The AACC methodology is established
on four key innovative components: 1) Best Example Se-
lection (BES): A process to identify and filter high-quality,
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Fig. 1: Overview of the AACC

contextually rich commits, ensuring that the model learns
from the most informative and accurate data. 2) Augmented
Knowledge Base (AKB): An enriched repository that com-
bines contextual metadata, program semantics, and established
bug-fix patterns to inform and guide the classification process.
3) Prioritise Agent (PA): A mechanism that ranks commits
based on their relevance and potential impact, optimizing the
allocation of analytical resources. 4) Iterative Refinement: A
feedback-driven process that allows the model to learn from
previous classifications and continuously improve its accuracy,
particularly in reducing false negatives. By integrating these
elements, AACC provides a more precise and effective method
to categorize NPE fixes, laying a stronger foundation for future
NPE prevention efforts.

The paper makes the following contributions:
• A novel LLM-based approach enhances the identification

of NPE patches. The key of the approach is a dual agent
framework that curates data, prioritises commit analysis
(semantic/structural), and uses adaptive refinement to
provide a robust foundation for NPE prevention.

• A public GitHub replication package [24] enabling vali-
dation and reproducibility of our findings.

II. APPROACH

A. Overview

Figure 1 overviews the AACC process, which initially
builds a knowledge repository from a training dataset (commit
patches, messages, stack-traces). For new input commits, the
Augmented Knowledge Base uses selected contextually similar
examples from this repository to enrich the input’s context.
A Prioritise Agent then ranks and filters this enriched infor-
mation for the Classifier Agent, which employs an internal
iterative refinement mechanism (detailed in Section II-E) for
its final classification. A feedback loop between the Priori-
tise and Classifier Agents is designed for continuous system
improvement. Ultimately, AACC accurately classifies commit
patches as NPE fixes or non-NPE, significantly contributing
to a deeper understanding of how such issues are resolved
and thereby supporting the broader goal of enhanced software
reliability.

B. Best Example Selection

The Best Example Selection (BES) component is crucial to
our AACC approach, ensuring that the system learns from
a high-quality, diverse, and contextually rich set of commit
examples. This selection process meticulously filters and ranks
commits to identify the most informative instances for subse-
quent analysis and knowledge base enrichment.

The BES process is integral to AACC, curating a high-
quality set of contextually rich and diverse commit examples.
This process begins after an initial preprocessing phase of
the commit dataset (which includes steps such as tokenizing
commit messages and code changes, parsing patches for struc-
tural information, and text normalization). To foster diversity,
potentially relevant commits are first grouped into clusters
based on contextual similarities derived from their content and
metadata. Subsequently, BES ranks commits, typically within
these clusters or across a candidate pool, using a composite
relevance score. This score is systematically derived from three
primary criteria: Keyword Frequency: The prominence of rele-
vant null pointer exception-related keywords (e.g., “NullPoint-
erException”, “null check”, etc.) within the commit message.
Patch Complexity: An assessment of the code patch’s structural
characteristics, such as the number and type of modified code
elements, indicating the fix’s nature. Semantic Alignment: The
degree of similarity between the developer’s stated intent in
the commit message and the actual code modifications in the
patch. This semantic alignment between a commit message
(represented by vector A⃗) and its patch (vector B⃗) is quantified
using Cosine Similarity on their respective embeddings:

Cosine Similarity =
A⃗ · B⃗

||A⃗|| · ||B⃗||
(1)

Based on the composite relevance scores, the top 500 examples
are selected. This number was empirically determined to
provide a robust balance between dataset diversity, information
richness for effective model training, and manageable com-
putational overhead for detailed analysis. Selecting examples
with high cosine similarity scores (Equation 1) is crucial to
ensuring strong contextual alignment, defined here as a clear
and direct correspondence between the intention articulated in
the commit messages and the tangible changes implemented
in the code patches.

For instance, Listing 1 demonstrates strong align-
ment: its message, "Fixes NullPointerException
in OptionsRenderer", coupled with a JIRA-issue link,
directly mirrors the patch’s introduction of a null check
(return found == null || found). Listing 2 also
shows good alignment, where the detailed message about
an NPE fixes in entrySet methods corresponds well with
the patch’s addition of a null check (entry != null &&
entry.equals(e)), even if minute details about the fix’s
exact class location could be more explicit. Conversely, List-
ing 3 exhibits weaker alignment; its generic message, "Fix
NullPointerException bug", lacks specific contex-
tual details linking it to the null check added in its patch. This
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1 F i x e s N u l l P o i n t e r E x c e p t i o n i n O p t i o n s R e n d e r e r
2 h t t p s : / / i s s u e s . apache . o rg / j i r a / browse / TILES

−598
3 Th i s c l o s e s #14 , P a t c h by C h r i s t i a n S c h u s t e r
4

5 p u b l i c f i n a l c l a s s O p t i o n s R e n d e r e r implements
R e n d e r e r {

6 s t a t i c boolean a t t e m p t T e m p l a t e ( f i n a l
S t r i n g t e m p l a t e ) {

7 − re turn TEMPLATE EXISTS . c o n t a i n s K e y (
t e m p l a t e ) && TEMPLATE EXISTS . g e t ( t e m p l a t e )
;

8 + Boolean found = TEMPLATE EXISTS . g e t (
t e m p l a t e ) ;

9 + re turn found != n u l l && found ;
10 }
11 }

Listing 1: NPE Fix in OptionsRenderer: Null Check

meticulous BES process ensures that the selected samples are
not only relevant but also contextually unambiguous, forming
a reliable foundation for AACC.

C. Augmented Knowledge Base

The Augmented Knowledge Base (AKB), a central com-
ponent of the AACC, functions as a rich embedding vector
database. It captures crucial semantic and structural insights
from commits by integrating their messages, code patches,
and metadata. This provides a comprehensive understanding
of code changes and is built upon three primary analytical el-
ements detailed below: Contextual Extractions (CE), Program
Semantic Analysis (PSA), and Bug Fixes Review (BFR).

1) Contextual Extractions (CE): This component, CE, ex-
tracts explicit signals and metadata from commit messages and
the textual content of code patches to provide immediate, high-
level context regarding a commit’s potential relevance to NPE
fixes. The key CE processes include: scanning messages for
NPE-related keywords (e.g., “NPE”, “NullPointerException”,
etc.) and issue tracker references (e.g., JIRA IDs); and exam-
ining patch lines for explicit null checks or related API usage
(e.g., Objects.requireNonNull). A guiding heuristic
for CE in identifying null-safety practices is:

CE: If variable v is accessed, verify v ̸= null (2)

For instance, CE flags commit messages like Fixes
NullPointerException in OptionsRenderer and
identifies the corresponding null checks in the patch (e.g.,
found == null || found from Listing 1). Thus, CE
pinpoints explicit null-safety considerations evident in a com-
mit’s textual and surface-level code elements.

2) Program Semantic Analysis (PSA): The PSA component
analyzes the underlying logic and intent of code modifications,
particularly those addressing NPE bugs. PSA examines how
changes like null checks or error handling prevent NPEs by
ensuring variables are validated before use. This often aligns
with the generalized pattern:

PSA: If v ̸= null, then perform operation O(v) (3)

1 Fix a N u l l P o i n t e r E x c e p t i o n when an o b j e c t
p a s s e d t o an e n t r y S e t method i s n o t found
i n t h e map . E x h i b i t e d wi th e n t r y S e t ( ) .
remove ( O b j e c t ) and e n t r y S e t ( ) . c o n t a i n s (
O b j e c t )

2 p u b l i c c l a s s SequencedHashMap ex tends HashMap
{

3 . . .
4 Map . E n t r y e = ( Map . E n t r y ) o ;
5 E n t r y e n t r y = ( E n t r y ) e n t r i e s . g e t ( e . getKey

( ) ) ;
6 − i f ( e n t r y . e q u a l s ( e ) ) re turn e n t r y ;
7 + i f ( e n t r y != n u l l && e n t r y . e q u a l s ( e ) )

re turn e n t r y ;
8 e l s e re turn n u l l ;
9 . . .

10 }

Listing 2: Null check in SequencedHashMap to fix NPE

Here, v represents a variable (e.g., template, entry)
and O(v) denotes an operation on v (e.g., a method
call or comparison). For instance, in the NPE fixes
shown in Listing 1 (affecting OptionsRenderer),
PSA identifies that modifying the attemptTemplate
method to incorporate the logic Boolean found =
TEMPLATE_EXISTS.get(template); return
found == null || found; semantically prevents
an NPE. This is achieved by ensuring that the variable
found is validated before determining the outcome of the
method, adhering to the pattern of Equation 3. Similarly, in
Listing 2, PSA discerns that adding the check if(entry
!= null && entry.equals(e)) resolves an NPE
by ensuring the entry object’s state is validated prior to
invoking its .equals() method, thus preventing a potential
crash.

PSA thus contributes features to the AKB that reflect a deep
semantic understanding of how specific code changes logically
avert NPEs.

3) Bug Fixes Review (BFR): The BFR component identifies
common structural code changes indicative of NPE fixes. BFR
scrutinizes concrete modifications such as added null checks,
control flow alterations for null safety, or improved variable
initializations, typically in critical code sections. A generalized
structural pattern BFR identifies:

BFR: If v ̸= null, then modify operation M(v) (4)

Here, M(v) denotes a structural modification to handle poten-
tial nulls for variable v. For example, in Listing 1, BFR notes
the added null-safe check (found == null || found).
Similarly, in Listing 2, BFR identifies the new condition
entry != null as a key structural change preventing an
NPE. By pinpointing these explicit structural modifications,
BFR highlights common defensive programming strategies
and contributes insights into technical implementation patterns
for null safety.

The AKB is formed by synergistically integrating insights
from Contextual Extractions (CE), Program Semantic Analysis
(PSA), and BFR. CE provides high-level contextual cues;
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PSA offers logical intent understanding; and BFR identifies
structural fix patterns. Together, they enable the AKB to con-
struct rich, vectorized commit representations, fundamental to
AACC’s accurate NPE fixes classification, thereby enhancing
software reliability. The Prioritise Agent’s (PA) use of this
AKB is detailed next.

D. Prioritise Agent

The Prioritise Agent (PA) is a key component within the
AACC framework that categorizes incoming commits into low,
moderate, or high-priority levels. This ranking, derived from
metrics supplied by the AKB, ensures that the most relevant
and impactful commits are prioritised for detailed analysis
by the Classifier Agent (CA), thereby optimizing resource
allocation and contributing to improved model performance.

The priority score (Pi) for a given commit i is calculated as
a weighted sum of three distinct factors: its Contextual Score
(CSi), Semantic Impact Score (SISi), and Fix Relevance Score
(FRSi). This prioritisation mechanism is expressed as:

Pi = w1 · CSi + w2 · SISi + w3 · FRSi (5)

The weights (w1, w2, w3) balance each metric’s relative im-
portance and are empirically calibrated using a validation
dataset to effectively differentiate high-impact commits. The
components of the priority score Pi are defined as follows:

1) Contextual Score (CSi): This score evaluates the explicit
textual relevance of a commit to NPE fixes. It assigns higher
values for specific keywords (e.g., “NPE”, “NullPointerExcep-
tion”, etc.), as illustrated in Listing 1 and 2. CSi is typically
a normalized score, based on keyword frequency or binary
presence, prioritising commits that signal the intention to
address null-related bugs.

2) Semantic Impact Score (SISi): This score assesses the
structural and logical significance of code changes, focusing
on modifications to critical program paths or the introduction
of robust null-safety patterns. SISi is formulated as:

SISi = α ·Nc + β · Cp (6)

where Nc is the count of newly added null checks and Cp

reflects the estimated impact of changes on critical code
paths. The parameters α and β are empirically adjusted
to ensure a balanced contribution from these factors. For
example, adding a null check (e.g., found == null ||
found in Listing 1) increases Nc, while alterations to the
logic of the core method or critical conditional statements
(e.g., if(entry != null && entry.equals(e)) in
Listing 2) influence Cp.

3) Fix Relevance Score (FRSi): This score quantifies how
directly the commit patch addresses potential NPEs, primarily
through explicit null checks or other defensive programming
enhancements. FRSi is calculated as the proportion of code
modifications dedicated to improving null safety:

FRSi =
Number of Null-Safety Enhancements

Total Number of Modified Lines
(7)

“Null-Safety Enhancements” include lines specifically added
or altered to mitigate null-related bugs (e.g., introducing

1 Fix N u l l P o i n t e r E x c e p t i o n bug
2 p u b l i c D ate T im eF ie l d g e t F i e l d ( Chronology

chrono ) {
3 D ate T ime F ie l d w r a p p e d F i e l d = iWrappedType .

g e t F i e l d ( chrono ) ;
4 Remainde rDa teT imeFie ld f i e l d = i R e c e n t ;
5 − i f ( f i e l d . g e t W r a p p e d F i e l d ( ) ==

w r a p p e d F i e l d ) {
6 + i f ( f i e l d != n u l l && f i e l d . g e t W r a p p e d F i e l d

( ) == w r a p p e d F i e l d ) {
7 re turn f i e l d ;
8 }
9 f i e l d = new Remainde rDa teT imeFie ld (

wrappedF ie ld , iType , i D i v i s o r ) ;
10 }

Listing 3: NPE Fix in DateTimeField: Null Check

if (variable == null) checks, using null-safe
functions). “Total Number of Modified Lines” covers all
added, deleted, or changed lines in the patch. For example, in
Listing 3, adding the null check if (field != null &&
field.getWrappedField() == wrappedField)
constitutes a key null-safety enhancement, thereby positively
influencing its FRSi.

By synthesizing these metrics into the composite priority
score Pi (Equation 5), the PA effectively identifies commits
that exhibit strong characteristics of NPE fixes and possess sig-
nificant structural or semantic impact. This targeted approach
ensures that analytical resources are concentrated on the most
promising candidates, thereby enhancing the efficiency and
precision of subsequent classification tasks, particularly for
critical defects like NPEs.

To assign commits to actionable priority categories (PC), the
calculated Pi scores are normalized to a consistent range (e.g.,
[0, 1]). Threshold values, Tlow and Tmoderate, are then employed
to delineate these categories:

PC =


Low, Pi ≤ Tlow

Moderate, Tlow < Pi ≤ Tmoderate

High, Pi > Tmoderate

(8)

These thresholds are established and may be periodically
refined by analyzing the statistical distribution of Pi scores
across the dataset (e.g., aligning with specific percentiles of
observed scores). This ensures that the priority categories
remain meaningful and adaptive as new commit data is pro-
cessed and patterns evolve.

This systematic prioritisation by the PA facilitates effective
resource allocation within AACC, guiding the system to fo-
cus on commits demonstrating the highest relevance, quality,
and potential impact. Consequently, high-priority commits
(Pi > Tmoderate), which represent the most probable and
significant NPE fixes, are expedited to the Classifier Agent for
comprehensive analysis. This structured process is designed to
support robust model refinement and ensure that critical NPE
fixes, as exemplified by Listings 1 and 2, are addressed with
appropriate urgency, ultimately contributing to the enhanced
reliability and maintainability of software systems.
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TABLE I: Statistics of Top 5 Repositories of the Dataset
Project Name LOC Tokens Commits

Appformer 135,011 68,378 3,727
commons-imaging 57,108 35,241 1,854
hbase 19,675 23,705 843
drools 12,654 13,275 264
wicket 3,991 2,964 147

Total 1015091 7157039 12,650

E. Classifier Agent

The Classifier Agent (CA) performs the final classification
of prioritised commits from the PA, categorizing them as NPE
fixes or non-NPE through a multistage process.

1) Initial Score Calculation: For each prioritised commit
patch Ci, an initial classification score, S

(0)
i , is computed.

This score is a weighted sum of three key factors. The 1st
is Priority Score (Pi): derived directly from the PA, this
score reflects the commit’s pre-assessed relevance and impact.
The 2nd is Contextual Mapping Score (CMi): It quantifies
how well the commit’s message and patch characteristics
(e.g., specific keywords, code patterns) align with predefined
features commonly associated with known NPE-related fixes.
The 3rd is Semantic Similarity Score (SSi): This represents
an initial comparison of the commit patch against the general
embeddings of existing NPE fixes stored within the AKB.

The initial score S
(0)
i is thus calculated as:

S
(0)
i = w1 · Pi + w2 · CMi + w3 · SSi (9)

Here, w1, w2, and w3 are weights that balance the importance
of each factor. These weights are empirically determined
during model training and specifically optimized to reflect the
relative significance of the priority, contextual mapping, and
semantic similarity components in predicting NPE fixes. A
higher S(0)

i score indicates a greater initial likelihood that the
commit is an NPE fix.

2) AKB-driven Contextual Refinement: Following the cal-
culation of the initial score S

(0)
i , the CA retrieves specific

contextual insights from the AKB. The AKB, a vectorized
dataset of relevant patterns and historical NPE fixes, is queried
by comparing the vector representation v(Ci) of the input
commit patch Ci against existing NPE fix vectors vj using
cosine similarity:

Sim(v(Ci), vj) =
v(Ci) · vj

||v(Ci)|| · ||vj ||
(10)

where vj is an AKB context vector and ||v(Ci)||, ||vj || are
vector magnitudes. The CA identifies the top-K most relevant
AKB contexts based on scores, and this information is crucial
for iterative refinement.

3) Self-Iteration and Feedback (Reasoning Process): This
iterative process refines the classification score S

(t)
i (initialized

with S
(0)
i ) using the highly relevant contexts retrieved from the

AKB. For a commit Ci, the score at each iteration t is updated
via the formula:

S
(t+1)
i = S

(t)
i + α ·∆Si (11)

The feedback adjustment ∆Si is determined by the consis-
tency between the current score’s implication S

(t)
i and the

evidence from the retrieved AKB contexts; its magnitude can
be proportional to the strength of this agreement/disagreement.
The learning rate α (e.g., empirically set to 0.1) controls the
updated influence. This process typically continues for a small,
empirically determined number of iterations (e.g., three) to
allow the score to converge based on accumulated feedback.

For this process, we employed the ChatGPT-4o which
demonstrated strong reasoning capabilities, as evidenced by
its performance on established benchmarks: 88.7% accuracy
on the Massive Multitask Language Understanding (MMLU)
dataset [25], [26], 90.2% pass@1 on HumanEval for code
generation [26], [27], and 90.5% accuracy on the Mathematical
Reasoning dataset (MGSM) [26], [28]. These results confirm
its ability to perform logical reasoning, contextual analysis,
and code-related problem-solving, which are critical for accu-
rately identifying NPE fixes in commit patches.

4) Final Classification and Performance Evaluation: Af-
ter the iterative refinement concludes (yielding a final score
S
(final)
i , e.g., S

(3)
i ), the commit Ci is classified against a

predefined threshold Tc:

Ci =

{
1 (NPE Fix), if S(final)

i > Tc

0 (Non-NPE), if S(final)
i ≤ Tc

(12)

CA performance is then assessed using standard evaluation
metrics: precision, recall, F1-score, False Positive Rate (FPR),
False Negative Rate (FNR), and overall accuracy (Equa-
tion 13), complemented by confusion matrix analysis.

Accuracy =
TP + TN

TP + TN + FP + FN
(13)

These collectively determine the CA’s effectiveness in distin-
guishing NPE fixes.

III. EVALUATION

A. Research Questions

We investigated the following research questions to provide
a thorough analysis of the experimental evaluations.

RQ1: How does the proposed approach’s performance in
identifying NPE fixes compare to state-of-the-art models?

RQ2: How does an ablation study demonstrate the indi-
vidual contribution of AACC’s core components to its overall
performance?

RQ3: How well does the AACC approach work with differ-
ent large language models?

RQ4: What is the performance of the AACC approach in
cross-language generalization tasks?

This research evaluates our AACC approach for identifying
NPE fixes through four research questions (RQs). RQ1 com-
pares AACC’s effectiveness against state-of-the-art (SOTA)
models in classifying NPE fixes patches. RQ2 investigates
the individual contributions of AACC’s core components to its
overall performance. RQ3 examines AACC’s adaptability and
consistency when integrated with different Large Language
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Models (LLMs) like ChatGPT-4o and DeepSeek-r1. RQ4
tests AACC’s generalizability across various programming
languages and diverse software development contexts beyond
its primary Java training data.

B. Baselines

To evaluate the effectiveness of the AACC proposed ap-
proach in identifying and classifying NPE fixes, we compared
it with six established SOTA models for NPE identification
and code generation, providing a robust benchmark.

• Deep Learning-based Approaches: We compared AACC
with widely recognized state-of-the-art code classifi-
cation models, including UniXcoder [29], GraphCode-
BERT [30], CodeT5 [31], CodeBERT [32], Codere-
viewer [33], and CodeGPT [34], which serves as our
primary baseline. These models are widely recognized
as the most advanced tools for code analysis and gener-
ation tasks, making them strong benchmarks for evaluat-
ing AACC performance. For instance, Codereviewer and
CodeT5 are explicitly designed for commit classification,
while CodeBERT and UniXcoder are foundational mod-
els adapted for similar tasks in prior work. CodeBERT is
especially a widely recognized model for understanding
code semantics. To ensure fairness, we followed estab-
lished practices to fine-tune these baselines using our
Java dataset, aligning their inputs (commits) and outputs
(NPE-fixes and Non) with our framework structure.

• LLM-based Approaches: We evaluated AACC with lead-
ing large language models ChatGPT-4o [35], DeepSeek-
r1 [36], Llama-3.2 versatile [37], Gemini-2.0 Flash [38],
and Claude 3.5 sonnet [39] fine-tuned in our Java dataset
to align their outputs with NPE fixes classification.
Although general-purpose LLMs lack task-specific cus-
tomization, previous studies suggest their potential for
code-related tasks [39], which justifies their inclusion as
baselines. We selected the latest available versions to
ensure a fair comparison. By contrasting the performance
of AACC with these fine-tuned LLMs, we quantify how
the AKB and PA of our framework enhance the accuracy
and relevance of NPE fixes identification, demonstrating
the value of architectural innovations tailored to the
market over generic LLM capabilities. Notably, to ensure
fair evaluation and comparison with the proposed AACC,
each test item uses the same set of best examples for both
the few-shot LLM baselines and AACC (our approach).

C. Dataset and Evaluation Metrics

To construct our Java dataset, as shown in Table I, we
mined high-quality, well-known repositories from projects
such as Apache, Google, and FasterXML (e.g., commons-
cli, commons-lang, commons-collections, closure-compiler,
commons-csv). We developed a Python script to automatically
identify NPE fixes by scanning commit messages. For each
repository, we examined commit patches and their correspond-
ing messages following established practices [40] [41]. A
commit was labeled as an NPE fix (positive commit) if it

contained any of the following keywords: “NPE,” “NullPoint-
erException,” “null pointer exception,” and “NPE fix”.

Notably, the commit messages are only used for data col-
lection, and they are not involved in training or inference. Our
AACC approach classifies NPE fixes based solely on the se-
mantic and structural features of the code changes in the patch.
All learning and classification decisions are made exclusively
based on the content of the code diff. This fundamentally
differentiates our approach from keyword-based baselines,
which rely on surface-level keywords in commit messages.
By excluding commit messages during training and inference,
AACC ensures that predictions are based on the actual code
modifications, avoiding potential ambiguity or noise inherent
in natural language descriptions. To collect negative commits,
we randomly selected one commit per positive commit from
the same project within the same time window to preserve
temporal consistency. We ensured that negative commits did
not contain any NPE-related keywords by using a predefined
list. To minimize false negatives (e.g., implicit NPE fixes), we
manually validated a random sample of 500 negative commits,
confirming their non-NPE status.

Therefore, we automatically identified 12,650 commits by
searching commit messages and code changes for each com-
mit, and we extracted the full code patch with its correspond-
ing commit message, accumulating a dataset of 7.16 million
tokens. To ensure a diverse and informative dataset, after
preprocessing, we clustered these commits using semantic
embeddings of commit messages and structural embeddings
of code patches. We employed K-means clustering and the
Elbow Method [42] to determine optimal clusters and select
representative examples for in-depth analysis. This process
allowed us to build a rich dataset of real-world NPE fixes
for training, validating, and testing our AACC approach.

In particular, Fu et al. [43] split the data set into training,
testing, and a validation set 80/10/10%, and we followed
this setting. To prevent data leakage and ensure a realistic
evaluation, the splits were constructed at the project level.
This guarantees that all commits from any given project
are contained within a single split, thereby eliminating any
possibility that the model could memorize project-specific
patterns or recurring NPE fix idioms from the training set
and replay them at test time. Consequently, the reported
metrics reflect true generalization to unseen repositories rather
than inflated performance due to project-level information
leakage. To rigorously evaluate the effectiveness of the AACC
approach, we employed a suite of widely recognized evalu-
ation metrics [44]. These metrics are crucial to providing a
comprehensive understanding of the capabilities to identify
NPE fixes accurately. We evaluated AACC using six key
evaluation metrics, as discussed in Sec. II-E

D. RQ1: Improving State-of-the-Art

To answer RQ1, we independently applied each evaluated
approach to the Java Dataset. The evaluation results are
presented in Table II. The first column lists the evaluated
approaches, while columns 2-5 show the evaluation metrics
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TABLE II: Perform of State-of-the-Art
Approaches P(%) R(%) F1(%) Acc(%) FPR(%) FNR(%)
AACC (Our) 97.45 98.37 98.03 97.00 04.32 03.92
UniXcoder 72.40 72.68 72.07 70.45 21.43 17.96
GraphCodeBERT 72.09 70.40 69.24 72.02 10.45 29.64
CodeT5 69.78 68.71 68.09 69.33 12.10 26.29
CodeBERT 64.74 61.49 62.27 76.25 12.38 44.62
Codereviewer 71.37 73.63 72.29 71.08 34.26 09.48
CodeGPT 61.91 58.02 54.15 11.36 13.90 41.98

TABLE III: Impact of Best Example Selection
Setting P(%) R(%) F1(%) Acc(%)

Enabled BES 97.45 98.37 98.03 96.57
Disabled BES 79.78 85.91 79.81 81.00
Relative Impacts +22.14 +14.50 +22.83 +19.22

for the Java dataset. Columns 5-6 provide comparative metrics
between configurations of our proposed approach.

AACC demonstrates a significant leap in performance for
NPE fix identification, outperforming SOTA models by a
considerable margin. AACC’s Precision reaches 97.45%, a
remarkable 25.05% improvement over UniXcoder’s 72.40%.
Similarly, AACC’s Recall of 98.37% surpasses UniXcoder by
25.69%. This leads to a superior F1-Score of 98.03% for
AACC. Furthermore, AACC drastically reduces error rates;
its FPR is only 4.32%, a 17.11% reduction compared to
UniXcoder’s 21.43%. The FNR for AACC is also impressively
low at 3.52%, a 14.44% improvement over UniXcoder’s
17.96%. Compared to CodeReviewer, AACC’s FPR is 29.94%
lower (CodeReviewer’s FPR is 34.26%), and even against
GraphCodeBERT, AACC maintains a higher precision, demon-
strating a clear and substantial performance advantage across
key metrics for NPE fixes identification.

Our proposed approach also significantly outperforms few-
shot strategies in various LLMs (as detailed in Table VII),
notably boosting the AACC F1-score by 13.35% to 98.03%.
This shows AACC’s consistent ability to enhance NPE fixes
identification and achieve substantial gains across base LLMs.

AACC’s superiority over State-of-the-Art (SOTA) mod-
els stems from its Augmented Knowledge Base (AKB)
(Sec. II-C), which deeply integrates context, code semantics,
and structure, unlike the more general pattern analysis of mod-
els like UniXcoder or CodeT5. This comprehensive method
yields high accuracy (Precision: 97.45%, Recall: 98.37%,
F1-score: 98.03%), outperforming SOTA models by 15–30%
in F1-score. Furthermore, AACC achieves significantly lower
error rates (FPR: 4.32%, FNR: 3.52%) compared to competi-
tors such as GraphCodeBERT (FNR 19.64%). The iterative
learning mechanism within AACC further refines predictions
and improves overall performance.

E. RQ2: Impact of Core AACC Components

To answer RQ2, we disabled each component individually
and conducted the evaluation again. By comparing the results
with those of the default setting (where all components were
enabled), we can quantitatively reveal the effect of the given
component. The proposed approach comprises the following

TABLE IV: Impact of Augmented Knowledge Base
Setting P(%) R(%) F1(%) Acc(%)

Enabled AKB 97.45 98.37 98.03 96.57
Disabled AKB 77.62 84.15 78.01 78.85
Relative Impacts +25.54 +16.89 +25.66 +22.47

TABLE V: Impact of Prioritise Agent
Setting P(%) R(%) F1(%) Acc(%)

Enabled Data Priority 97.45 98.37 98.03 96.57
Disabled Data Priority 82.07 87.13 82.87 82.61
Relative Impacts +18.74 +12.90 +18.29 +16.89

three main key elements: BES, AKB, and PA. Consequently,
we answer RQ2 with the following three independent experi-
ments by validating the effect of each component, respectively.

1) Impact of Best Examples Selection (BES): To investigate
the impact of the proposed BES, see in detail Section II-B, we
disabled it and repeated the evaluation. The evaluation results
are presented in Table III, where the last row presents the
relative impact on precision, recall, and f1-score. BES sub-
stantially improved the performance of the proposed approach.
With BES enabled, AACC’s achieves exceptional performance
metrics demonstrate the substantial relative improvements due
to BES: a 22.14% relative increase in precision (from 79.78%
to 97.45%), a 14.50% improvement in recall (from 85.91% to
98.37%), a 22.83% enhancement in F1-score (from 79.81%
to 98.03%), and a 19.22% boost in accuracy (from 81.00%
to 96.57%). These results clearly demonstrate BES’s critical
role in enhancing AACC’s performance by focusing on high-
quality, relevant data.

The BES demonstrates its value by curating ideal data, as
seen in commits such as Listing 1 where the message and patch
clearly align, linking developer intent to code modifications. In
contrast, using random samples (e.g., Refactor logging
module) which introduces noise and irrelevant data, thereby
obscuring NPE-specific patterns. By enabling AACC to train
on such high-quality and focused data, BES improves overall
system performance by approximately 30%. This enhancement
significantly boosts the model’s robustness and reliability, en-
suring that it effectively captures nuanced NPE-fixes patterns
and sets a new benchmark for software maintenance tools.

2) Impact of Augmented Knowledge Base (AKB): To inves-
tigate the impact of AKB proposed as detailed Section II-C,
we disabled it and repeated the evaluation. The evaluation
results are presented in Table IV, where the last row presents
the relative impact in P, R, and F1-score. AKB significantly
improved the performance of the proposed approach. With
the AKB enabled, AACC achieves exceptional performance
metrics demonstrates the substantial relative improvements due
to the AKB: a 25.54% increase in precision (from 77.62% to
97.45%), a 16.89% improvement in recall (from 84.15% to
98.37%), a 25.66% enhancement in F1-score (from 78.01%
to 98.03%), and a 22.47% boost in accuracy (from 78.85% to
96.57%). These results demonstrate the critical role of AKB
in boosting the performance of the AACC framework.
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TABLE VI: Incremental Performance Contributions of Components
System Configuration Precision (%) Recall (%) F1-score (%) Accuracy (%)

AACC(Full Pipeline) 97.45 98.37 98.03 97.00
W/O Augmented Knowledge Base (AKB) 77.68 (↓ 19.77) 84.15 (↓ 14.22) 78.01 (↓ 20.02) 78.85 (↓ 18.15)
W/O Best Examples Selection (BES) 79.78 (↓ 17.67) 85.91 (↓ 12.46) 79.81 (↓ 18.22) 81.00 (↓ 16.00)
W/O Priorities Agent (PA) 82.07 (↓ 15.38) 87.13 (↓ 11.24) 82.87 (↓ 15.16) 82.61 (↓ 14.39)

TABLE VII: Performance Across Different LLMs
Approach P(%) R(%) F1(%) Acc(%)

Few-Shot 84.23 88.89 84.68 84.76
AACC KDOS 97.45 98.37 98.03 96.57

Impacts +13.22 +9.48 +13.35 +11.81
Few-Shot 84.19 90.07 86.35 84.56

DeepSeek-r1 KDOS 95.69 96.98 97.83 96.18
Impacts +11.50 +6.91 +11.48 +11.62
Few-Shot 83.37 86.25 83.02 83.73

Claude 3.5 KDOS 94.03 94.73 95.10 93.27
Sonnet Impacts +10.66 +8.48 +12.08 +9.54

Few-Shot 81.16 84.73 81.86 81.58
Gemini 2.0 KDOS 92.50 93.42 94.27 92.60
Flash Impacts +11.34 +8.69 +12.41 +11.02

Few-Shot 80.73 84.39 82.86 80.69
Llama 3.2 KDOS 91.54 92.07 92.76 92.35
versatile Impacts +10.18 +7.68 +9.90 +11.66

Listings 1 and 2 illustrate the AKB value to enable precise
commit categorization. By identifying null-check patterns and
other contextual cues, the AKB accurately distinguishes NPE
fixes from unrelated changes; for instance, correctly flagging
commits with specific null-safety checks as NPE related (per
Listing 1). Without AKB, such commits, particularly those
lacking explicit contextual information, risk misclassification.
The AKB boosts relevant performance metrics by approxi-
mately 50% when enabled, proving essential to surpass state-
of-the-art (SOTA) models through focused commit analysis for
training and evaluation.

3) Impact of Prioritise Agent (PA): To investigate the
impact of PA proposed as detailed Section II-D, we disabled
it and repeated the evaluation. The evaluation results are
presented in Table V, where the last row presents the relative
impact on precision, recall, and F1-score. PA significantly
increased the performance of the proposed approach. With pri-
oritization enabled, AACC achieves exceptional performance
metrics demonstrate the substantial relative improvements due
to prioritisation: an 18.74% increase in precision (from 82.07%
to 97.45%), a 12.90% improvement in recall (from 87.13% to
98.37%), an 18.29% enhancement in F1-score (from 82.87%
to 98.03%), and a 16.89% boost in accuracy (from 82.61% to
96.57%). These results demonstrate how focusing on relevant
high-quality data through prioritisation improves the model’s
performance in all key metrics, establishing the PA as a critical
element of the AACC approach effectiveness.

The PA is crucial for identifying critical NPE fixes, such
as those containing essential null-check patterns (e.g., List-
ing 1). The PA directs the AACC model to focus on these
impactful fixes first, thereby optimizing resource allocation

and improving analytical efficiency. Without this prioritisation,
resources are misallocated to irrelevant commits, leading to
a significant performance drop of ∼20%. By concentrating
analytical attention on the most relevant data, the PA proves
essential for maintaining AACC’s overall effectiveness.

The ablation study summarized in Table VI confirms that
core AACC components, the Augmented Knowledge Base
(AKB), Best Example Selection (BES), and Prioritise Agent
(PA), are individually crucial for AACC’s optimal perfor-
mance. Removing any single component substantially de-
grades overall performance, with F1-score reductions rang-
ing from 15.16 to 20.02 percentage points (pp). The AKB
proves most influential; its removal curtails deep contextual
understanding and pattern recognition capabilities, causing
the largest F1-score drop of 20.02 pp (to 78.01%), and an
18.15 pp accuracy decrease. BES is also indispensable, as its
absence means relying on less curated data, decreasing the
F1-score by 18.22 pp and highlighting the need for high-
quality input. Finally, excluding the PA yields the smallest (yet
still significant) F1-score reduction of 15.16 pp, underscoring
its benefits in resource optimization and focused analysis.
These findings validate AACC’s synergistic design, where each
component distinctively contributes to effective Null Pointer
Exception (NPE) fixes identification.

The AACC approach utilizes a Knowledge-Driven Optimiza-
tions Suite (KDOS), which comprises three core components:
Best Example Selection (BES), the Augmented Knowledge
Base (AKB), and a Prioritise Agent (PA). Central to AACC
is the Classifier Agent (CA), powered by GPT-4o, which
leverages KDOS to classify commit patches as NPE fixes or
non-NPE. The AKB enriches the CA by providing contextual,
semantic, and bug-fix pattern insights, which facilitates an it-
erative refinement process leading to high accuracy. This deep
contextual understanding enables the CA to effectively identify
NPE-related commits, even in complex scenarios, thereby
achieving notable precision and reliability. The synergistic
operation of KDOS components, ensuring high-quality data
(BES), enriching model knowledge (AKB), and optimizing
resource allocation (PA) underpins AACC’s effectiveness in
NPE fix identification.

Our ablation study underscores the significant contributions
of AACC’s key components to its overall performance. Specif-
ically, employing BES to curate high-quality data, utilizing
the AKB for deep contextual insights, and leveraging the
PA for data prioritisation demonstrably enhance classification
accuracy. These elements collectively enable the Classifier
Agent to achieve a 98.03% F1-score and 96.57% accuracy,
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thereby improving NPE fix classification and contributing to
more efficient software maintenance.

F. RQ3: Working With different LLMs

To address RQ3, we substituted ChatGPT-4o with various
alternative LLMs and reassessed the AACC approach. This
is a three-fold evaluation: first, to determine if the approach
remains effective across different LLMs, and second, to com-
pare the performance improvements achieved with these LLMs
against those obtained with ChatGPT-4o.

The AACC proposed approach demonstrates robust adapt-
ability across multiple LLMs, as shown in Table VII. By
integrating the KDOS, AACC consistently enhances precision,
recall, F1-score, and accuracy for all tested LLMs, validating
its architecture’s versatility. For example, with ChatGPT-4o,
AACC achieves 97.45% precision, 98.37% recall, and 96.57%
accuracy, marking improvements of +13.22% precision and
+11.81% accuracy over few-shot baselines. Similar gains are
observed with DeepSeek-r1 (+11.50% precision) and Claude
3.5 Sonnet (+12.08% F1-score). Even Llama 3.2 Versatile,
the least performant model, shows notable improvements
(+10.18% precision, +11.66% accuracy). These results confirm
that AACC innovations, contextual prioritisation, semantic
analysis, and iterative refinement deliver consistent enhance-
ments regardless of the underlying LLM, solidifying its role
as a universal solution for NPE fix classification.

The AACC effectively leverages the strengths of Large Lan-
guage Models (LLMs) while mitigating their limitations. The
core components (BES, AKB, and PA) are model-agnostic and
consistently enhance classification accuracy across different
LLMs. This adaptability makes AACC a reliable solution for
real-world software maintenance, ensuring high-quality results
regardless of the underlying LLM.

The AACC approach shows robust performance across var-
ious LLMs, as shown in Table VII. The results, averaged
over five executions per model, demonstrate significant en-
hancements in precision, recall, F1-score, and accuracy when
integrated with models like ChatGPT-4o, DeepSeek-r1, Claude
3.5 Sonnet, Gemini 2.0 Flash, or Llama 3.2 Versatile. The F1-
score improvements ranged from +09.90% to +13.35%, and
accuracy gains from +11.02% to +11.81%. Averaging multi-
ple runs ensured reliability and highlighted AACC’s model-
agnostic nature. This adaptability makes AACC a versatile
solution for real-world software maintenance, consistently
boosting the LLM performance to enhance software reliability
and reduce maintenance efforts.

G. RQ4: Performance Across Different Datasets

To address RQ4, we evaluated the generalizability of the
AACC approach across three diverse datasets: our primary
Java Dataset, the CVE Dataset [45], and a curated NPE
subset from BugSwarm [46]. For the BugSwarm evaluation,
we constructed a specialized NPE subset of 170 commits (85
NPE fixes, 85 non-NPE) by filtering for CWE-476 and NPE-
related patterns, following Tomassi et al.’s methodology for
reproducible bug extraction [1]. Positive labels were assigned

through keyword filtering and manual verification of stack
traces and code diffs, while negative labels were assigned
using our primary dataset’s methodology (Section III-C) to
exclude NPE-related commits. As shown in Table VIII, the
results demonstrate strong cross-dataset performance, with the
following analysis detailing AACC’s maintained effectiveness
across different programming language datasets.

Our approach achieves exceptional performance on the
Java Dataset, with significant improvements shown in the
Table VIII ‘Impacts’ row clearly quantifies KDOS’s contribu-
tion, showing improvements across metrics: a 13.35% increase
in F1-score and 11.81% rise in accuracy, proving KDOS’s
effectiveness in enhancing AACC’s NPE fixes identification.

Even when tested on the CVE dataset, AACC, boosted
by KDOS, showed impressive gains. On average, KDOS
improved performance by roughly 14% across key measures:
precision rose by 13.95%, recall by 16.96%, F1-score by
13.73%, and accuracy by 14.31%. These consistent improve-
ments highlight AACC’s ability to adapt and generalize its
effectiveness beyond its primary training data, showcasing the
power of KDOS in new contexts.

AACC consistently improves performance even on the chal-
lenging BugSwarm, which is a well-known dataset. With
KDOS enabled, AACC achieves average gains of approxi-
mately 10-13% across key metrics: precision up by 12.86%,
recall by 10.69%, F1-score by 10.83%, and accuracy by
9.88%. These improvements demonstrate AACC’s robust per-
formance across diverse datasets. The KDOS suite ensures
AACC effectively focuses on relevant data and rich context,
even when analyzing code from different projects.

AACC consistently enhances performance across diverse
datasets, achieving high performance on the Java dataset with
a 98.03% F1-score. It maintains significant average gains
across Java, CVE, and BugSwarm datasets: +13.95% preci-
sion, +16.96% recall, +13.73% F1-score, and +14.31% accu-
racy. These improvements underscore AACC’s adaptability and
effectiveness beyond its primary training data. By leveraging
the KDOS, AACC ensures high-quality data, context-aware
predictions, and efficient resource use. This makes AACC a
robust and versatile solution for identifying NPE fixes, setting
a new benchmark for cross-language bug identification.

H. Threats to Validity

A threat to construct validity is that our dataset construction
relies on keywords in commit messages to identify positive
samples (NPE fixes), which may yield false negatives by
missing commits that fix NPEs implicitly without mentioning
these terms. It may also result in false positives that mention
NPE keywords for a reason other than fixing an NPE. We
mitigated this by manually verifying the positive commits.

A threat to external validity is that the evaluation is con-
fined to open-source Java applications, which may limit the
generalizability of the conclusions to proprietary codebases or
other languages. Further validation on industrial systems and
diverse languages like Python and C++ is needed to confirm
full external validity.
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TABLE VIII: Performance Across Different Datasets

Setting Java Dataset CVE Dataset BugSwarm Dataset

P (%) R (%) F1 (%) Acc (%) P (%) R (%) F1 (%) Acc (%) P (%) R (%) F1 (%) Acc (%)

Enabled 97.45 98.37 98.03 96.57 88.52 90.02 91.09 88.07 88.27 83.03 83.35 82.55
Disabled 84.23 88.89 84.68 84.76 74.57 73.06 77.36 73.76 75.41 72.34 72.52 72.67
Impacts +13.22 +9.48 +13.35 +11.81 +13.95 +16.96 +13.73 +14.31 +12.86 +10.69 +10.83 +9.88

A threat to the internal validity is the inherent opacity of
the LLM. Our approach relies on ChatGPT-4o for reasoning.
However, the model’s reasoning may rely on superficial code
patterns rather than deep null-safety understanding.

A threat to the internal validity is limited prompt variations
and sensitivity in AACC’s LLM components (Section II-E)
may affect evaluation robustness. Multi-LLM testing (9.90%–
13.35% F1-score gains, Table VII) mitigates this by ensuring
consistent performance across models. Future work will ex-
plore comprehensive prompt engineering and diverse prompt
structures to further strengthen AACC’s robustness.

IV. CASE STUDY

To demonstrate the usefulness of the proposed approach,
in this section, we investigate the extent to which it can help
prioritise patches (commits) for code review.

A. Data Collection

We curated a new evaluation dataset from the Apache Tom-
cat repository, which comprises 20 groups of commits. To do
that, we first identify all potential NPE-fixing commits (noted
as NPEs) with the proposed approach and the keyword-based
baseline. We ranked such NPE-fixing commits according to
their submission time and processed each of them as follows:

• First, we took the first NPE-fixing commit (noted as
curNPE) in NPEs, and collected 25 commits directly
before it and 24 commits directly after it, resulting in a
group of 50 commits that contained at least one NPE-
fixing commit.

• Second, we removed all commits (including curNPE)
from NPEs that appeared in the resulting group.

• If we have collected 20 groups, we terminate the data
collection. Otherwise, we turned to the first step and
constructed the next group (of commits) in the same way.

Notably, none of such commits has been used as training or
testing data in the previous section.

B. Process

For each group of commits, we used AACC to rank com-
mits, and prioritised NPE fixes to the top. We also ranked the
commits with two straightforward and practical baselines:

• A1 (Time-Based): Ranking commits by submission time,
and thus the elder commits are ranked at the top.

• A2 (Keyword-Based): Prioritising commits that are iden-
tified as NPE fixing commits by the keyword-based
baseline approach.

For each of the 20 commit groups, we evaluated the ranking
of our approach and the time-based approach as follows.
First, for each of the NPE commits ranked at the top (noted
as curNPE) by our approach, we randomly sampled three
commits that were ranked before curNPE by the time-based
approach but ranked after curNPE by our approach. For each
of the resulting samples (noted as nonNPE), we constructed a
question [47] asking to what extent the participants agree that
curNPE should be reviewed before nonNPE, with ‘strongly
agree’, ‘agree’, ‘neutral’, ‘disagree’, and ‘strongly disagree’
as possible answers. 20 developers with more than three
years of software development and two years of GitHub-based
development participated in the questionnaire survey, and each
of the questions was answered by at least 15 participants.
The difference between our approach and the keyword-based
approach was evaluated in the same way.

C. Results and Analysis

On 19 out of the 20 groups, our approach resulted in
rankings different from the time-based ranking. They had
an identical ranking in the remaining group because our
approach failed to identify the NPE fixing commits. From
the 19 inconsistently ranked groups, we extracted 57 pairs
of inconsistently ranked commits, and on 33%=19/57 of the
cases, our ranking was preferred by developers strongly, with
an average score of 2 (‘strongly agree’). On 95%=54/57 of
the cases, our ranking was preferred by developers, with an
average score of no less than 1 (‘agree’). Our approach was
unpreferred (or was deemed incorrect) in one group because,
upon manual inspection, developers determined that the non-
NPE commit (a critical security patch) addressed a more
urgent issue than the NPE fix prioritised by our approach
in that specific context. This highlights that while generally
effective, automatic prioritisation can occasionally disagree
with human judgment of contextual criticality, which can be
influenced by factors beyond the scope of a single bug type.

On 14 out of the 20 groups, our approach resulted in
rankings different from the keyword-based ranking. From the
14 inconsistently ranked groups, we extracted 42 pairs of
inconsistently ranked commits, and on 38%=16/42 of the
cases, our ranking was preferred by developers strongly (with
an average score of 2 (‘strongly agree’), and on 93%=39/42
of the cases our ranking was preferred by developers with
an average score no less than 1 (‘agree’). These results
demonstrate that our approach outperforms the keyword-based
baseline in prioritising NPE-fixing patches.
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D. Other Potential Applications

The AACC approach offers significant value across multiple
software engineering scenarios by leveraging critical commit
and patch analysis; it enhances software evolution under-
standing by generating meaningful explanations for poorly
documented commits and supporting automated commit mes-
sage generation, while also aiding project managers and code
reviewers in prioritising code review and branch merging
through identifying critical NPE-fixing patches. Furthermore,
the approach facilitates the construction of large-scale, high-
quality, unbiased, and diverse datasets for testing and eval-
uating NPE-related approaches, reducing bias from well-
documented commits; these datasets also enable data-driven,
learning-based methods for detecting and fixing NPEs, lever-
aging advances in machine learning and AI. Additionally, the
method supports experts and automated systems in analyzing
NPE-related defects and patches to uncover patterns, thereby
improving software quality and reliability. Despite its effec-
tiveness, the approach may occasionally misalign with human
judgment where contextual factors prioritise non-NPE issues,
suggesting a need for future work to incorporate broader
contextual cues into the prioritisation process.

V. RELATED WORK

The automated identification and classification of software
bugs, particularly NullPointerException or null pointer deref-
erence, is a critical research area in software engineering.
To tackle this issue, researchers have developed various ap-
proaches, including static and dynamic analysis tools, machine
learning, and natural language processing [17] [48] [49]. This
section reviews existing literature relevant to this approach.

A. Static and Dynamic Analysis Approaches

Static analysis detects NPEs by examining code pre-
execution. For instance, tools like SymlogRepair [50] utilize
Java program semantics, while NPEX [51] employs data-flow
analysis. Although research increasingly integrates commit
message mining for better developer intent linking, static tools
often struggle with large-scale, complex codebases and in
accurately distinguishing intentional null usage from errors.

Dynamic analysis, conversely, identifies NPEs by monitor-
ing runtime behavior, utilizing methods such as automated
tools in controlled settings [52], machine learning combined
with hardware or system call data [53], [54], and unsupervised
hardware-feature analysis prominent in fields like malware
detection [55]. However, its significant computational resource
and specific environment demands often limit broader appli-
cability. In contrast, our AACC approach analyzes historical
NPE fixes from commit data, leveraging static code properties
and contextual insights. This allows for efficient classification
of NPE fixes without the need for runtime monitoring.

B. Machine Learning and Deep Learning Approaches

Machine learning (ML) and deep learning (DL) significantly
advance NPE identification by analyzing code patterns, histor-
ical fixes, and contextual data [56]. ML can spot subtle code

anomalies indicating NPEs [57], DL models generalize NPE
detection across diverse environments [58], and graph-based
methods like Graph Convolutional Networks (GCNs) [59] (for
dependencies) and Graph Neural Networks (GNNs) [60] (for
cross-project generalization) further bolster these capabilities.
While such methods face challenges, including handling dy-
namic program states, our AACC approach takes a distinct
path. AACC employs LLM models to classify developer-
resolved NPEs by analyzing commit information (messages
and patches), focusing on human-intended solutions, which
contrasts with automated patch generation and its inherent
semantic equivalence complexities.

C. Transformer and LLM approaches

Transformer models and Large Language Models (LLMs)
are pivotal for code understanding and NPE analysis. For
instance, APT-LLM [61] uses transformers to detect code
anomalies, while CodeBERT [62] parses code structure,
though its specific NPE application is still evolving. Crucially,
LLMs can identify NPE fixes within commit data by lever-
aging contextual understanding [61], [62], and transformer-
generated commit embeddings also promise more accurate
fixes classification [61]. Specialized LLM training on large
code-focused datasets represents a key future direction for
enhancing accuracy. Our AACC approach builds on these
LLM advancements for robust NPE fix identification, uniquely
integrating their contextual capabilities with our specialized
BES, AKB, and PA components. This synthesis, incorporating
feedback-driven learning, targets high accuracy in classifying
developer-applied fixes, thereby advancing NPE analysis.

VI. CONCLUSION AND FUTURE WORK

In this paper, we introduced AACC, a novel approach
designed to categorize commit patches as NPE fixes accu-
rately. AACC leverages code structure and commit message
context, incorporating Best Example Selection, an Augmented
Knowledge Base, a Prioritise Agent, and Iterative Refinement.
Evaluated with ChatGPT-4o, AACC demonstrates a significant
performance leap, outperforming state-of-the-art methods by
achieving a substantial F1-score improvement from 72.07%
to 98.03%, marking a significant advancement in NPE fix
identification. Future work will expand the AACC’s approach
across more diverse programming languages and conduct
developer studies to further assess its practical utility.

VII. DATA AVAILABILITY

The replication package is publicly available [24]
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