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Abstract

Edge-cloud systems, which bring computing, storage, and networking
resources closer to end-users, offer significant advantages in reducing latency
and enabling real-time data processing. These systems are increasingly
deployed across diverse domains, such as smart manufacturing, autonomous
vehicles, and large-scale IoT networks, to support big data-driven services
that require continuous analytics and rapid response. Ensuring software relia-
bility in these environments is critical, which has led to growing attention on
just-in-time (JIT) defect prediction as an effective technique for prioritizing
testing efforts by identifying code changes likely to introduce defects. How-
ever, existing techniques struggle to perform accurately on new or low-data
projects due to insufficient training data.

In this paper, we propose PROPER-SDP, a prompt-based approach that
leverages large language models. By incorporating project evolution data
directly into prompts, our approach enables LLMs to effectively capture the
contextual information essential for accurate JIT defect prediction. By doing
so, we effectively address the cold-start problem, allowing accurate JIT defect
prediction even in the absence of project-specific training data. Evaluation
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results demonstrate that our method significantly improves prediction per-
formance, surpassing baseline methods by an average of 19.7% in F1-score.
Our approach enables reliable JIT defect prediction even in rapidly evolving,
resource-constrained edge-cloud systems.

Keywords: Just-in-time defect prediction, large language model, edge-
cloud system.

1 Introduction

An edge-cloud system is a distributed computing architecture designed to
bring cloud resources closer to end-users and devices by deploying com-
puting, storage, and networking capabilities at the edge of the network.
Unlike traditional cloud computing, which relies on centralized data centers,
edge-cloud systems process data locally, significantly reducing latency [19].

With the rapid proliferation of data-intensive applications, such as real-
time video analytics, smart manufacturing, autonomous driving, and large-
scale IoT monitoring, edge-cloud infrastructures have become a key enabler
of big data-driven services, allowing massive volumes of heterogeneous data
to be processed and analyzed near their sources. This growing reliance on
edge-cloud systems for critical, data-centric services has, in turn, motivated
extensive research on ensuring their software reliability [8, 13, 20]. Among
these, software defect prediction has emerged as a key technique to optimize
testing strategies, enabling developers to prioritize the testing on defect-
prone software components, ultimately reducing the cost of ensuring software
reliability in edge-cloud environments.

Software defect prediction (SDP) is a crucial aspect of software engi-
neering that aims to identify defective code components before deployment,
improving software quality and reducing maintenance costs [1, 5]. Software
defect prediction models predict potential defective software components [7].
The primary goal of SDP is to assist developers in prioritizing testing efforts,
allocating resources efficiently, and mitigating risks associated with software
failures [9]. Given the increasing complexity of modern software systems,
accurate defect prediction models have gained significant attention, with
researchers exploring various features, classifiers, and evaluation metrics to
enhance predictive performance [14].

Just-in-time (JIT) defect prediction is the task of predicting whether a
code change (e.g., a commit or pull request) will introduce a defect, so that
potential bugs can be caught early, just in time before integration [27]. Unlike
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traditional file-level or module-level defect prediction, JIT defect prediction
operates at the change level, allowing developers to focus code review and
testing efforts on the riskiest changes [6,27]. The advantage of JIT prediction
has been highlighted in prior studies; by inspecting only a small fraction of
commits (e.g., the top 20% most risky changes), it is possible to capture
a significant portion (35%) of defects [10], enhancing the effectiveness of
defect prediction.

Due to its advantages, JIT defect prediction has been applied in edge-
cloud environments, where software is deployed across distributed edge
devices and cloud backends. Testing resources and time are limited in edge-
cloud environments [13], making it crucial to prioritize problematic commits.
By directing scarce testing efforts to the most error-prone changes, JIT
defect prediction significantly improves software reliability without requiring
exhaustive testing of every modification.

However, building accurate JIT defect predictors for edge-cloud systems
presents significant challenges. Training a defect prediction model requires
a large amount of error data, but in real-world scenarios, machine learn-
ing models often struggle due to insufficient labeled defect data [25]. This
challenge is even more pronounced in edge-cloud software projects, which
are frequently new or rapidly evolving, making it difficult to collect enough
labeled commit data for effective training.

To address the data scarcity problem, cross-project defect prediction
(CPDP) was proposed, where a model trained on one set of projects is applied
to a new project [17]. However, CPDP often suffers from poor performance
due to dataset shifts [10, 16]. Recent research on defect prediction in edge-
cloud systems further highlights these challenges: while machine learning
models perform well on the projects they were trained on, their effectiveness
degrades significantly in cross-project scenarios [13]. In summary, existing
JIT defect prediction methods for edge-cloud systems face two major limita-
tions: they require impractically large labeled datasets for each project, and
they struggle to maintain accuracy when applied across different projects.

In our previous work [23], we introduced PROPER-SDP, a prompt-based
approach that leverages a project-evolution context to perform JIT defect
prediction in edge-cloud systems. While the initial results were promising
against CPDP baselines, the study had several limitations: the evaluation
considered a limited set of LLMs and a smaller test set; comparisons did not
include within-project (WPDP) settings, which constrained the validity and
extent of the findings; and the prompt design conveyed only a partial view of
the SDP objective, under-expressing rich project context and thereby limiting
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the model’s ability to reason about change-level risk in dynamic edge-cloud
environments.

This paper extends the previous study by addressing its key limitations.
We expand the experimental scope by incorporating 41% more test data
and large language models (LLMs), introduce an extra research question by
including WPDP baselines alongside CPDP, and perform statistical analyses
to strengthen the validity and generalizability of our findings. Finally, we
redesign the prompt to deliver more direct and information-dense context
about the SDP objective for better guidance. PROPER-SDP enhances the
LLM’s predictions by incorporating the project’s documentation and evo-
lution data as contextual information concatenated to the defect prediction
prompt. This enriched context allows the LLM to accurately capture project-
specific nuances and evolution patterns, which are crucial for effective
just-in-time defect prediction in software projects it has not been explicitly
trained on. As a result, PROPER-SDP enables high-performance JIT defect
prediction for edge-cloud systems, outperforming baseline models by an
average of 19.7% in F1-score, without requiring any training data.

2 Background

2.1 Edge-cloud System and Go Language

In recent years, the adoption of edge-cloud architectures has become increas-
ingly prevalent in software systems requiring low latency, scalability, and
efficient resource utilization [19]. Edge-cloud systems combine centralized
cloud infrastructure with decentralized edge nodes, enabling data processing
closer to the source while leveraging the computational power and storage of
the cloud. This hybrid model not only supports applications such as real-time
analytics, IoT, and autonomous systems but also serves as a foundation for big
data-driven services, allowing massive and diverse datasets to be processed
efficiently near their sources.

Within this architectural shift, programming languages that support
concurrency, performance, and portability have gained attention. The Go
programming language, developed by Google, has emerged as a strong
candidate for building edge-cloud services due to its lightweight runtime,
efficient memory usage, and native support for concurrency. Go’s simplicity
and performance make it well-suited for implementing microservices, APIs,
and lightweight daemons that can run reliably in both cloud servers and edge
devices. Due to its popularity, Go is the main focus of this paper.
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2.2 Software Defect Prediction and Just-in-time Defect
Prediction

The goal of software defect prediction (SDP) is to aid developers in find-
ing defects without testing. Traditional SDP techniques aim to identify
defect-prone modules (files, classes, or functions) using static code met-
rics and historical defect data. These models are typically trained offline
and used periodically during development to guide testing and code review
efforts. While useful, conventional SDP approaches often operate at coarse
granularity and may struggle to provide timely insights during fast-paced
development cycles.

In response to these limitations, researchers have introduced JIT defect
prediction techniques, which aim to predict whether certain software change
is likely to introduce defects. JIT SDP techniques leverage fine-grained
features such as code churn, change history, developer activity, and social
metrics, related to target software change, allowing for predictions to be made
immediately when changes are submitted. This enables more targeted reviews
and resource allocation at the commit level.

2.3 Large Language Models

Large language models (LLMs) are transformer-based deep neural networks
pre-trained on vast corpora of natural language and source code. Their
primary strength lies in learning generalized representations that enable
zero-shot or few-shot performance on downstream tasks without requiring
task-specific training [15,26]. Unlike traditional deep learning based methods
that depend on large labeled datasets and fine-tuning, LLMs can make pre-
dictions through prompt-based interactions, significantly lowering the barrier
for practical deployment in data-scarce environments.

Recent work has explored various ways to enhance LLM performance in
software engineering tasks such as defect prediction, fault localization, and
code summarization [4]. These include integrating external tools or providing
additional context [11, 24]. Such approaches have shown effectiveness in
guiding LLMs toward more accurate and context-aware predictions across
diverse downstream tasks.

3 Related Works

Kwon et al. [13] conducted one of the earliest studies on applying just-
in-time software defect prediction to edge-cloud systems by leveraging
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pre-trained deep learning models. In their work, they collected a large-scale
dataset from GitHub using a GitHub Pull Request (GHPR)-based method,
which enables automated identification and labeling of defective and clean
code at the function level. They focused on three popular transformer-based
models–CodeBERT, GraphCodeBERT, and UniXcoder–evaluating their pre-
dictive performance under both within-project defect prediction (WPDP) and
cross-project defect prediction (CPDP) settings.

Their results showed that UniXcoder generally performed best in the
WPDP scenario, thanks to its abstract syntax tree-based representation
learning. However, they also highlighted a key limitation: all three models
exhibited poor generalization in CPDP scenarios, largely due to project-
specific code characteristics and data distribution shifts, which hindered
cross-project transferability.

Following this, Sharma et al. [2] highlighted the importance of addressing
evolving datasets in defect prediction, where software is frequently updated.
Although their study did not focus on edge-cloud systems, this challenge
is relevant, due to environment that often involve frequent deployment,
server reboots, etc. [21] They proposed a dynamic fine-tuning strategy that
allows large language models to adapt to new versions while retaining prior
knowledge using elastic weight consolidation (EWC) and memory replay.
This continual learning approach improves model stability over time but
still requires repeated fine-tuning and high computational cost, making it
less practical for systems that demand lightweight, fast, and scalable defect
prediction solutions.

Building upon this foundation, our work proposes PROPER-SDP, a novel
LLM-based approach that addresses the data scarcity and cross-project gen-
eralization challenges. Instead of relying on model fine-tuning, we employ a
prompt-based strategy using large language models (LLMs) enhanced with
project evolution data such as README modifications and file structure
changes. This approach enables effective zero-shot JIT defect prediction and
reduces reliance on labeled training data, offering a practical and scalable
solution for dynamic edge-cloud environments.

4 Methodology

In this section, we present PROPER-SDP. It leverages the predictive power
of large language models incorporated with valuable project evolution data to
assess software changes and identify potential defects at an early stage. We
first outline the data preparation process that captures project evolution data,
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Table 1 Characteristics of subject projects
Name Stars Forks PRs Short Description

EdgeX-go(EdgeX) [3] 1.1K 0.4K 2.3K An open-source framework providing a
unified platform for building and
deploying IoT solutions.

Kubeedge(Kube) [12] 5.5K 1.4K 2.6K A community-driven project that
extends Kubernetes capabilities to edge
environments.

Openshift [18] 1.3K 1.2K 5.3K A Red Hat-managed application
platform supporting deployment and
orchestration across hybrid,
multi-cloud, and edge environments.

Traefik [22] 40.5K 4.4K 4.2K A cloud-native reverse proxy and load
balancer designed for modern
infrastructures, integrating smoothly
with Docker and Kubernetes.

followed by a detailed overview of proposed approach. The detailed overall
approach is illustrated in Figure 1.

4.1 Data Preparation

Given a JIT defect dataset initially collected through GitHub Pull Requests
(GHPR), we conducted an additional data preparation phase aimed at effec-
tively integrating project evolution context into the large language model
(LLM). To accurately capture this evolutionary context, we specifically iden-
tified and analyzed the key differences between the current and previous
software versions associated with each pull request.

We defined project evolution context using three criteria: changes in the
main project README files, modifications to local README files, and
adjustments to the local file structure. These were chosen because they are
the key representative indicators of meaningful changes in project. The main
README often reflects high-level updates to the system’s functionality
or architecture. Local README changes capture information closer to the
target function, such as usage details or implementation notes, offering fine-
grained context. File structure changes, including added or removed files in
the same directory, may signal refactoring or feature updates that affect code
behavior. Together, these elements provide both global and local context to
support more accurate defect prediction.

Using these criteria, we filtered the GHPR dataset to include only entries
that showed at least one type of evolutionary change. Compared to our
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Figure 1 Overall approach of PROPER-SDP.

previous work [23], which relied on elimination-based filtering, we addition-
ally applied data augmentation to address class imbalance and improve the
generalization of the results. The statistics of the resulting test dataset are
summarized in Table 2.

To systematically and efficiently assemble this enriched dataset, we
leveraged the RESTful GitHub API, automating the identification and extrac-
tion of project evolution data. Consequently, the final dataset is enriched
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Table 2 Comparison of number of bugs in original and new datasets
Project Original New
EdgeX 1148 1078
Kube 1139 1376
Openshift 5541 5545
Traefik 1080 976

Figure 2 Dataset collection algorithm.

with comprehensive contextual details, including the target function’s name
and code, pull request messages, main and local README modifications,
and specific changes to the local file structure. This structured, context-
rich dataset significantly enhances the capability of the LLM in accurately
predicting defect-related changes within edge-cloud system projects.

The detailed algorithm used for data preparation is provided in Figure 2.
It begins by collecting JIT commits from the GHPR dataset (lines 1–2) and
iteratively processes each commit (line 3) to retrieve both the current and
previous versions of the corresponding files. From lines 4–13, the algorithm
extracts three primary sources of evolution data: the main README, local
README, and local file structure. These are compared using the diff()
function to identify meaningful modifications between the two versions.
Lines 16–18 check whether at least one of these change types exists; if so,
the corresponding commit and its contextual data are added to the enriched
dataset. Finally, from lines 23–27, a data balancing stage is performed, where
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additional buggy samples are generated through augmentation until the ratio
of buggy and clean instances becomes balanced. This two-phase process–
context extraction followed by class balancing–ensures that the resulting
dataset captures both structural evolution and label distribution, thereby
improving the reliability and representativeness of the JIT defect prediction
dataset.

4.2 Overview of PROPER-SDP

Following the data preparation phase, we conduct defect prediction by inte-
grating both static code attributes and evolutionary project context to improve
predictive accuracy. The defect prediction process consists of two stages:
change analysis and prompt generation. In the change analysis stage, we
extract information from the target commit that contains the function to be
classified, as well as from its immediately preceding commit. This allows us
to capture both the current state and recent changes to the code. In the prompt
generation stage, we construct a carefully organized prompt that conveys the
most relevant information–highlighting both code differences and contextual
evolution–to ensure the LLM receives the appropriate signals and nuance for
accurate defect prediction.

4.2.1 Change analysis
The first stage of PROPER-SDP involves analyzing the change between
commits to extract all relevant information for defect prediction. Specifically,
we identify the target commit, which includes the function whose defect
status needs to be predicted, as well as its immediate preceding commit. From
these two snapshots, we extract the function’s source code before and after
the change, its name, and its location in the project. We also gather metadata
from the associated pull request, such as the title and description, which often
reflect the developer’s intent or rationale behind the change.

To provide additional context about how the project is evolving, we
incorporate project evolution data across three dimensions: (1) modifications
to the main project-level README file, (2) changes to local README files
located in the same directory as the target function, and (3) structural changes
in the local file system, such as added or removed files. For file structure
changes, we list file names without including the full source code to keep the
input compact. For README files, if no change is detected, we explicitly
indicate this; otherwise, we include both the full “before” and “after” versions
rather than line-by-line diffs, allowing the model to capture broader semantic
changes.
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4.2.2 Prompt generation
The prompt generation strategy is illustrated in Figure 3. Once the change-
related and contextual data have been collected, we proceed to the prompt

Figure 3 Example prompt for PROPER-SDP.
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generation stage. In this stage, the extracted information is organized into a
structured, natural-language prompt designed to emphasize both static code
features and the evolution context surrounding the target function. Each
component, such as the pull request title, function path, before/after code,
README changes, and file structure updates, is clearly labeled to help the
LLM interpret the role and relevance of each element.

To conserve input space and focus on meaningful content, the main
project-level README and local README files from the previous version
are included only if changes are detected compared to the current version.
If no differences are found, a brief note indicating “no change” is provided
instead of repeating unchanged content.

In our previous work [23], the prompt offered only a partial description
of the SDP objective, limiting the model’s ability to fully capture how
project evolution affects defect risk. In this study, we redesigned the prompt
to be more explicit and information-dense, guiding the LLM to reason
directly about whether a given change is likely to introduce a defect. This
enhancement provides clearer task framing and richer contextual grounding,
contributing to the improved predictive performance observed in this work.

This comprehensive prompt is then passed to the LLM, which performs
a binary classification–predicting whether the target function is buggy (pre-
change) or clean (post-change). The resulting predictions are stored and
evaluated using standard classification metrics, primarily the F1-score.

5 Experimental Setup

5.1 Research Questions

We set the following research questions:

• RQ1: What is the performance of PROPER-SDP compared to CPDP
baselines?

• RQ2: What is the performance of PROPER-SDP compared to WPDP
baselines?

• RQ3: What is the optimal LLM model for PROPER-SDP?
• RQ4: What is the effect of different model design choices on PROPER-

SDP?

5.2 Dataset

We utilized the GHPR edge-cloud defect dataset introduced by Kwon
et al. [13]. The final dataset encompasses data from four open-source
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edge-cloud projects, whose characteristics are detailed in Table 1. From this
dataset, we specifically selected entries containing at least one type of evo-
lutionary context information. Compared to our previous work that relied on
data filtering, we applied data augmentation to address class imbalance prob-
lem. Detailed statistics of the resulting dataset are presented in Table 2. The
final dataset encompasses data from four open-source edge-cloud projects.

5.3 Used Models and Evaluation Metrics

To determine the most optimal model for JIT defect prediction in edge-
cloud systems, we evaluated multiple state-of-the-art large language models
(LLMs). Specifically, we compared the performance of GPT-3.5, GPT-4o-
Mini, Gemini-2-Flash, and Gemini-2-Flash-lite, which are widely utilized in
various natural language processing tasks. Compared to our previous work,
we additionally used Gemini-2-Flash-lite to evaluate the generalizability of
PROPER-SDP. The experiments were conducted using their respective APIs
to ensure a standardized evaluation framework.

For performance assessment, we primarily employed the F1-score, a
widely recognized metric in defect prediction. Unlike learning-based mod-
els that may output probabilistic or multi-class predictions, PROPER-SDP
strictly adheres to binary classification. The F1-score is particularly suitable
in this context as it balances precision and recall, making it an effective metric
for evaluating defect prediction accuracy.

5.4 Baselines

We compared PROPER-SDP with the fine-tuned, learning-based defect pre-
diction method proposed by Kwon et al. [13], hereafter referred to as FT-SDP.
To effectively evaluate defect prediction performance in edge-cloud systems
with limited training data, we compared our results with the cross-project
defect prediction outcomes from that study.

The previous work evaluated defect prediction performance using three
pre-trained models: CodeBERT, GraphCodeBERT, and UnixCoder. Each
model was trained on three different source projects and tested on four target
projects. The authors noted that they excluded Traefik as a source project due
to differences such as project length and structural variations. However, for a
fair evaluation of defect prediction in scenarios lacking test data, we included
Traefik as a source project, training it on the CodeBERT model.

To simplify comparisons, we presented the previous work’s results
using both its best-performing scenario and its average performance. This
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approach ensures a more comprehensive evaluation of our defect prediction
methodology.

6 Results
6.1 RQ1: JIT-SDP Performance of Proposed Approach

Compared to CPDP Baselines

To evaluate the effectiveness of PROPER-SDP, we compared its defect pre-
diction performance with FT-SDP’s cross-project defect prediction (CPDP)
result including the best-performing result and the average performance of
various models. Table 3 presents the F1-scores for four edge-cloud projects:
EdgeX, Kube, Openshift, and Traefik.

Table 3 F1 score comparison of PROPER-SDP and CPDP baselines
PROPER-SDP FT-SDP(CPDP-best) FT-SDP(CPDP-average)

EdgeX 0.701 0.667 0.586
Kube 0.7 0.688 0.583
Openshift 0.736 0.666 0.594
Traefik 0.719 0.667 0.623

Across the evaluated projects, PROPER-SDP consistently achieved
higher F1-scores than FT-SDP (CPDP) on average and outperformed its
best-performing configuration in three out of four cases. Specifically, for the
EdgeX, Kube, and Openshift projects, our approach surpassed the best FT-
SDP (CPDP) results, while achieving comparable performance on the Traefik
project. Furthermore, PROPER-SDP significantly exceeded the FT-SDP
(CPDP) average across all projects, improving the F1-score by approximately
19.7% on average and demonstrating the effectiveness of prompt-based LLM
defect prediction in data-scarce edge-cloud environments.

6.2 RQ2: JIT-SDP Performance of Proposed Approach
Compared to WPDP Baselines

As shown in Table 4, we compared the performance of PROPER-SDP against
FT-SDP (WPDP) results. PROPER-SDP slightly outperformed the FT-SDP
(WPDP) average and achieved comparable results to its best-performing
configuration, recording the highest F1-scores in two out of four projects.
Notably, unlike FT-SDP (WPDP), which requires training on the same
project, PROPER-SDP performs prediction without any in-project training
data–demonstrating its competitiveness in data-scarce environments.
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Table 4 F1-score comparison of PROPER-SDP and WPDP baselines
PROPER-SDP FT-SDP(WPDP-best) FT-SDP(WPDP-average)

EdgeX 0.701 0.702 0.686
Kube 0.7 0.79 0.745
Openshift 0.736 0.831 0.825
Traefik 0.719 0.67 0.645

Table 5 F-test comparison of variances between PROPER-SDP and WPDP baselines
Comparison F-value p-value
PROPER-SDP vs WPDP(best) 19.28 0.037
PROPER-SDP vs WPDP(average) 20.96 0.033

Furthermore, Table 5 presents the results of an F-test analysis comparing
performance variance. PROPER-SDP demonstrated significantly lower vari-
ance than both WPDP (best) and WPDP (average), with F-values of 19.28
and 20.96, and p-values below 0.05. This indicates that PROPER-SDP not
only provides comparable predictive performance but does so more stably,
reinforcing its robustness even without access to project-specific training
data.

6.3 RQ3: JIT-SDP Performance of Different LLM Models

To identify the most effective large language model (LLM) for
JIT defect prediction, we evaluated four commonly used LLMs:
gpt-3.5-turbo, gemini-2.0-flash, gpt-4o-mini, and gemini 2.0
flash-lite. Table 6 presents the F1-scores for each model across the four
target edge-cloud projects.

Table 6 F1-score comparison between different LLM models
gpt-3.5-turbo gemini 2.0 flash gpt-4o-mini gemini 2.0 flash-lite

EdgeX 0.701 0.545 0.648 0.619
Kube 0.700 0.566 0.552 0.381
Openshift 0.736 0.439 0.486 0.399
Traefik 0.719 0.530 0.589 0.516

Among the evaluated models, gpt-3.5-turbo consistently achieved the
highest F1-scores across all projects, demonstrating superior capability in
understanding code changes and contextual project evolution. The perfor-
mance gap between gpt-3.5-turbo and the other models was especially
prominent in the Openshift and Kube projects, where its F1-scores surpassed
the others by more than 0.1 in some cases.
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In addition to predictive accuracy, we also compared the inference cost
and latency of each model. Table 7 summarizes the average monetary cost
per thousand predictions in dollars and time spent per prediction in seconds.

Table 7 Cost comparison between different LLM models
Model Money ($) Time (s)
gpt-3.5-turbo 1.52 1.01
gemini-2.0-flash 0.33 1.13
gpt-4o-mini 0.37 0.87
gemini 2.0 flash-lite 0.30 1.12

The results show that gpt-3.5-turbo achieved the highest prediction
accuracy but also required the most resources–it was both the most expensive
and one of the slowest models. In contrast, gpt-4o-mini provided the best
balance between cost and speed, offering faster responses at a lower price.
While gpt-3.5-turbo consistently produced the highest F1-scores across
all projects, its high computational cost may limit its use in cost-sensitive
environments. The two Gemini-based models were the cheapest options, but
their predictive performance was the weakest.

Overall, when accuracy is the top priority, gpt-3.5-turbo remains the
most effective choice. However, gpt-4o-mini serves as a practical and cost-
efficient alternative in scenarios where faster inference and lower cost are
more important than maximum accuracy.

6.4 RQ4: Impact of Project Evolution Context Components

To understand the impact of different project evolution context components
on performance, we performed an ablation study by removing one component
at a time: main README changes, local README changes, and file struc-
ture changes. The results can be seen in Table 8, with the best-performing
F1-scores shown in bold and the second-best F1-scores underlined.

Table 8 Ablation study (F1-score)
Original No local RM No file structure No main RM

EdgeX 0.701 0.656 0.649 0.652
Kube 0.7 0.667 0.604 0.612
Openshift 0.736 0.641 0.666 0.649
Traefik 0.719 0.526 0.595 0.656

The local README changes had the most significant impact on model
performance. This suggests that local README files, which are typically
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situated closest to the target function, provide the most directly relevant
context for defect prediction, making them a critical source of informa-
tion. In contrast, changes to the main README had the smallest impact.
This may be because the main README is often located farther from the
specific code being modified, tends to contain high-level or general project
information, and does not change frequently–reducing its value in predicting
function-level defects.

These results suggest that combining both global (main README) and
local (local README and file structure) context is important for effective
LLM-based JIT defect prediction in edge-cloud systems.

7 Threats to Validity

7.1 Internal validity

The internal threat to validity is potential bias in the project evolution
data extraction process. PROPER-SDP relies on automated retrieval of
project-specific context, including README changes and file structure
modifications. However, incomplete or erroneous extraction could introduce
inconsistencies, affecting the model’s defect prediction performance. We mit-
igated this threat by expanding the dataset, incorporating additional LLMs,
and conducting more experiments to improve validity and generalizability.

7.2 External validity

The LLMs used in our study are pre-trained on publicly available code,
and their effectiveness in predicting defects for private or domain-specific
projects, which may follow different coding standards, has not been assessed.
This threat was mitigated by expanding the dataset, employing multiple
LLMs, and conducting additional experiments to enhance the validity and
generalizability of the results. Future studies should evaluate the generaliz-
ability of our method in broader software development contexts.

7.3 Construct validity

We compared our method against baseline models trained with cross-project
learning as differences in training data distributions may affect the fairness
of comparisons. Further validation using industry benchmarks and real-
world defect reports would provide a more comprehensive assessment of the
model’s effectiveness in just-in-time defect prediction in edge-cloud systems.
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8 Conclusion

In this paper, we proposed a novel prompt-based approach to just-in-
time (JIT) defect prediction for edge-cloud systems using large language
models. Our PROPER-SDP incorporates project-specific evolutionary con-
text, such as changes to README files and file structures, into the input
prompts, enabling accurate defect prediction without requiring extensive
labeled datasets or model fine-tuning. Experimental results across four
real-world edge-cloud projects demonstrate that PROPER-SDP consistently
outperforms traditional cross-project learning methods in predictive accu-
racy, particularly when using GPT-3.5-turbo, and have comparable result to
within-project defect prediction model. Furthermore, our ablation study high-
lights the importance of contextual information, especially local README
changes, in improving model performance. This study suggests that prompt-
based LLMs provide a scalable and adaptable solution for enhancing soft-
ware reliability in dynamic, data-scarce edge-cloud environments. Future
work will explore the integration of domain-specific knowledge and the
applicability of this approach in industrial and proprietary settings.
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