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• This study compares different approaches for automatically classifying
software issue reports into ”bug” vs ”non-bug” categories, evaluating
both traditional encoder-only models (like BERT) and newer generative
LLMs on NASA’s Core Flight System (cFS) and F´ datasets.

• Fine-tuned encoder-only models (specifically SetFit) consistently out-
performed zero-shot generative LLMs, achieving better F1 scores and
bug recall. Notably, SetFit required only 40 labeled examples per class
to outperform zero-shot LLMs, demonstrating that effective classifica-
tion can be achieved with small, well-curated training sets rather than
large labeled datasets. However, generative LLMs demonstrated com-
parable zero-shot performance, thus representing a viable solution in
the absence of training data.

• Model performance varied considerably between the two NASA datasets.
Models performed better on the F´ dataset (from a single project with
immediate, author-driven labeling) compared to cFS (multiple projects
with delayed, maintainer-driven labeling), highlighting how dataset
characteristics and labeling practices impact classification accuracy.

• Substantially different computational costs are associated with the use
of encoder-only models vs. generative LLMs. BERT-like models achieve
inference in seconds on a single GPU, while generative LLMs require
25+ minutes using multiple GPUs, highlighting the trade-off between
classification performance and computational resources for LLM de-
ployment in production environments.
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Abstract

NASA collects vast amounts of problem data for space projects, which in-
cludes not only descriptions of defects but also enhancements and other issue
reports. The growing complexity of Flight Software has led to an increase
in the volume of problem reports, presenting both opportunities and chal-
lenges in data analysis. This paper explores AI-based solutions for classifying
software issue reports in NASA’s spacecraft control systems. In particular,
we aim to develop an accurate classifier for identifying bug tickets, building
on previous research in automated issue labeling. We conduct a benchmark
study for comparing various language models and provide insights on their
performance and deployment costs, with the goal of improving issue classifi-
cation for NASA’s growing software complexity. Based on our empirical re-
sults, we provide empirically-driven guidelines on how to address the tradeoff
between the need for manual labeling of training data and the computational
costs associated with the on-premise deployment of LLMs that could be used
in a zero-shot setting.

Keywords: Issue Labeling, LLM, Software Maintenance and Evolution

1. Introduction

Software defect data is one of the major types of information that NASA
cares about. However, accessing defect data is not as straightforward as
initially thought. What is typically observed directly are discrepancies or
anomalies. These are documented as problem reports or issue reports. Projects
are required to document all the problems/issues found through reviews, in-
spections, testing, and operations. Not all the problems or issues indicate
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defects. These reports can also encompass enhancements, documentation
updates, or testing errors. Typical data entry includes problem descriptions,
date and time, corrective actions, and root causes.

NASA has collected a vast amount of such problem/issue data for space
projects in various databases, e.g., Excel, Jira, and Confluence. With the
trend of increasing Flight Software (FSW) complexity and the addition of
more on-board autonomy and data processing, the exponential growth of
FSW in terms of size is continuing. This means more reviews, inspections,
and testing need to be done. Associated with this is the growing size of
problem and issue reports. This expanding dataset offers opportunities for
identifying patterns, improving future software development and assurance
processes, and enabling early defect detection, but also presents challenges in
efficient data management, analysis, and extraction of meaningful insights.
In addition, there are cases where key information (e.g. root causes) is miss-
ing, descriptions written in natural language are vague and hard to interpret
and issue types (bug, enhancements, documentation, etc.) are not labeled or
incorrectly labeled.

To address these challenges, besides approaches like standardizing report-
ing formats and adding data entry quality reviews, we aim to explore the
possibility of using AI for pattern recognition, developing automated data
processing systems, and creating cross-project knowledge bases. To begin
with, we would like to see whether all issue reports describing defects can
be correctly labeled as bugs using BERT, its variants or generative Large
Language Models (LLMs).

More specifically, in this paper, we study the case of issue classification
for the Core Flight System1 (cFS), developed by NASA, a reusable software
framework for spacecraft control systems. cFS offers modular applications,
portability, and supporting tools, and has been widely adopted across NASA
centers and international space agencies. The cFS architecture has proven
effective in accelerating flight software deployment, promoting reuse, and
establishing common standards. It is open-source and hosted on GitHub,
allowing for community contributions and issue reporting. Along the same
line, the F Prime2 (F´) framework was created at Jet Propulsion Labora-
tory (JPL) to support the rapid development of spaceflight and embedded

1https://github.com/nasa/cFS
2https://github.com/nasa/fprime
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software applications. In the context of the development and maintenance
of these projects, timely and effective identification of bug reports becomes
critical and their correct classification is what NASA aimed at prioritizing.

Building upon the insights from previous research [19, 5, 17, 30, 67, 15],
the current study investigates the problem of automated classification of is-
sue reports in the NASA flight systems, with the final goal of developing
a reliable classifier that can accurately predict ticket labels, with a partic-
ular focus on maximizing the recall for bug tickets. To this aim, we design
and execute a benchmark study including the cFS and F´ software projects.
Our benchmark includes six generative decoder-only LLMs, two BERT-like
encoder-only models, and GPT-4o.

Specifically, we make the following main contributions:

• We evaluate the performance of pre-trained language models on the
bug identification task using two industrial dataset of issues from the
NASA FSW system. We evaluate the models on two issue datasets
by also including consideration of costs associated with the deploy-
ment of LLMs in terms of computational resources required to perform
the classification task. By doing so, we aim at assessing the practical
relevance and applicability in an industrial context of state-of-the-art
approaches [19];

• We provide data-driven, actionable insights to improve issue classifi-
cation and to inform future research work. Specifically, the results of
this study reveal that the dataset characteristics and labeling practices
may influence the classification performance, with more consistent issue
reporting practices (as seen in the single-project F´ dataset) yielding
better results than diverse but potentially inconsistent data (from the
multi-project cFS dataset). This insight is particularly valuable for
industrial settings where standardization of reporting practices can di-
rectly impact classification accuracy;

• We demonstrate that effective classification can be achieved with rel-
atively small but well-curated training sets, showing that fine-tuning
SetFit with a limited amount of labeled issues can outperform zero-
shot LLMs. In particular, we investigate the problem of identifying
the amount of training data needed to reliably fine-tune encoder-only
LLMs for issue classification;
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• We distribute a replication package with the scripts we use for LLM-
based classification of issues, which are publicly available for reuse 3.

The remainder of this paper is structured as follows. In Section 2 we
discuss the background on large language models and we provide an overview
of relevant related work, by also highlighting the novel contributions with
respect to previous work this study builds upon. Then we describe the two
publicily available datasets we use in the current study in Section 3 and
the methodology in Section 4. The empirical results of our benchmark are
reported in Section 5. In Section 6, we discuss our findings, the lessons
learned and the limitations of this study. Finally, we conclude in Section 7.

2. Background and Related Work

2.1. Large Language Models

Recent advancements in hardware capabilities, particularly the accessi-
bility of GPUs, have led to significant progress in the field of NLP through
the development of LLMs based on the transformer architecture [54]. These
models, which leverage the concept of self-attention [54], have become the
state-of-the-art for many NLP tasks [42, 23, 65]. The key to their success lies
in the pre-training phase, which allows the model to learn language structure
from large corpora of unlabeled data [23, 44].

Based on the transformer architecture they implement, three main types
of LLMs emerged, each with distinct characteristics and applications. Encoder-
only models, such as BERT [23] and its variants like RoBERTa [67], AL-
BERT [35], DistilBERT [47], and DeBERTa [27], are designed to use training
objectives, including masked language modeling and next-sentence predic-
tion. These models have proven effective in various natural language under-
standing. Another category comprises encoder-decoder models, with T5 [45]
and BART [36] among the notable examples. These architectures combine
the strengths of both encoding and decoding mechanisms, enabling them to
handle a wide range of language tasks effectively. The third major category
consists of decoder-only or generative models. This group includes prominent
examples such as the GPT family [9, 41, 42], LLaMA [51, 39], Claude [3],
Gemini [50], Qwen [6], Mistral [31], and Zephyr [52]. These models have

3https://github.com/peppocola/IssueClassificationOnNasaFlightSoftware
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demonstrated remarkable capabilities across diverse NLP tasks, exhibiting
emergent abilities that arise at large scales [58].

Each of these model types contributes uniquely to the advancement of
NLP, offering different strengths and capabilities that researchers and prac-
titioners can leverage for various applications in language technology, includ-
ing Software Engineering research and practice. The application of LLMs
in Software Engineering (SE) has gained significant traction in recent years,
particularly with the shift towards decoder-only models like GPT-3 [9] and
GPT-3.5 [41]. These models have shown remarkable abilities in several tasks
including, among others, code generation and completion [63, 62], code com-
prehension [64], bug localization and repair [11, 12, 29, 34, 49], software
testing [56], code refactoring [13, 10] and translation [38, 61]. The impact
of these models on developer productivity has been notable, with reports
suggesting that tools like GitHub Copilot contribute to a significant portion
of code written by developers [26, 24].

2.2. Automated Issues Report Classification

Issue tracking is a widely adopted practice in software development, al-
lowing contributors to report bugs, request features, and ask questions about
software products. However, the large volume of issues submitted daily can
complicate the work of developers and maintainers [8, 43, 25]. Effective issue
labeling is crucial for project management and prioritization [20, 37]. How-
ever, manual labeling is time-consuming, and labels are often assigned incor-
rectly or not at all by contributors [28, 8, 32]. To address this challenge, re-
searchers have proposed various approaches for automatic issue classification.
Early studies used supervised learning techniques to distinguish between dif-
ferent types of issues [4, 28, 66]. More recently, researchers investigated the
effectiveness of BERT-like models for issue report classification [30, 16, 57, 1],
representing the current state-of-the-art.

Studies in this field have shown that crowd-sourced labels can be noisy
and inconsistent, resulting in poor performance when training and testing
models on datasets with noisy labels, which may not generalize well to real-
world data [28, 16, 15, 18]. This threat makes it essential to ensure the
quality of labels used for training and evaluation. In this direction, Colavito
et al. [15] proposed an approach based on few-shot learning and a small,
manually labeled dataset to improve the performance of issue report classi-
fication models. With the advent of generative AI, researchers have begun
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investigating the potential of decoder-only LLMs for automating issue label-
ing [19, 5]. Empirical findings suggest that GPT-like models can represent
a viable alternative to BERT-like models, especially in low-resource settings
where labeled data is scarce or expensive to obtain. These models can lever-
age general knowledge and label explanations to classify samples, without the
need for labeled data [19]. However, their performance varies significantly
across datasets, and they require substantial computational resources for de-
ployment. In contrast, BERT-like models show more consistent performance
and lower resource requirements [17].

2.3. Reproducibility Challenges in LLM Research

Recent studies have highlighted significant reproducibility challenges in
LLM-based software engineering research [2, 7]. Angermeir et al. [2] exam-
ined reproducibility across LLM-centric studies published at ICSE and ASE
2024, identifying critical barriers to reproduction. Of 85 articles analyzed,
only 18 provided research artifacts, and merely 5 were executable. Notably,
none of the five studies could be fully reproduced, with only two showing
partial reproducibility.

The primary factors impeding reproducibility include: (1) incomplete or
missing research artifacts, (2) unspecified dependency versions leading to API
incompatibilities, (3) deprecated model access for commercial LLMs, and (4)
general code quality issues. Beyond artifact-related challenges, the inherent
non-determinism of LLMs poses fundamental reproducibility concerns. Even
with fixed random seeds and temperature settings, LLM outputs can vary
across different hardware configurations, software environments, and time
periods [2].

Baltes et al. [7] developed comprehensive guidelines for empirical studies
involving LLMs, emphasizing eight core principles including explicit LLM
usage declaration, detailed model version and configuration reporting, com-
plete prompt disclosure, and transparent limitation discussion. These guide-
lines recognize that while exact reproducibility of LLM-based experiments
is challenging due to non-determinism and model evolution, transparency in
reporting remains essential for scientific rigor.

To address these concerns, we provide a comprehensive replication pack-
age with pinned dependencies, containerized environments, and detailed hard-
ware specifications (see Section 4.6). We acknowledge that despite these
measures, minor variations in results may occur due to factors beyond our
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control, such as floating-point arithmetic precision and inference implemen-
tation details across different systems [2, 7].
2.4. Novel Contributions

In this study, we aim to further the understanding of the potential of
LLMs in the issue classification scenario, specifically in a real-world use
case where the timely identification and management of bug reports are
paramount. To this end, we evaluate a series of classifiers based on both
BERT-like models and generative models based on decoder-only transform-
ers. Beyond assessing the models’ performance, we aim to provide an un-
derstanding of the feasibility of their adoption in the use-case scenario of
the NASA flight software concept as well as in terms of computational costs
associated with LLM deployment and usage.

This study builds upon and extends the benchmark study by Colavito et
al. [19] by providing industrial validation in high-stakes aerospace applica-
tions where software reliability directly impacts safety and mission success.
Unlike previous research that focused primarily on multiple GitHub projects,
we examine dedicated NASA flight software datasets with consistent report-
ing practices and domain-specific requirements. Furthermore, While previous
studies provided limited analysis of practical deployment considerations, our
research addresses the critical gap between academic findings and industrial
implementation by examining computational costs, hardware requirements,
privacy concerns, and resource constraints essential for production deploy-
ment in sensitive environments, following recent benchmarking approaches
[17]. Through comprehensive evaluation of both BERT-like encoder-only
models and generative decoder-only LLMs, systematic analysis of data effi-
ciency requirements, and establishment of cost-benefit frameworks, this study
provides the practical insights and validation needed for organizations to con-
fidently implement LLM-based issue classification in safety-critical domains
where incorrect classification can have mission-threatening consequences.

3. Dataset

3.1. The NASA Flight Software Projects

The FSW system, which acts as the spacecraft’s brain, is the central con-
trol system of a spacecraft that manages all critical functions, ensures safety,
and provides autonomous operation with guaranteed performance and relia-
bility. The cFS, developed by NASA Goddard Space Flight Center (GSFC),
is a platform and project independent reusable software framework and set
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of reusable software applications that provides 1) a dozen modular software
applications for common functions, e.g. limit checker, file transfer, memory
management, etc. 2) portability via processor and OS abstraction; 3) sup-
porting tools (unit test framework, performance, ground system simulator,
etc.).

The cFS architecture has been used at six NASA centers by 40+ projects
historically including Roman Space Telescope, Capture, Containment and
Return System, Lunar Reconnaissance Orbiter and Artemis. cFS has been
proven to accelerate the deployment of quality flight software, reduce project
uncertainties, promote reuse and collaboration, simplify maintenance, sup-
port innovation, and establish common standards across NASA missions.
cFS is now a standard for the space community as the standard FSW frame-
work (for NASA, ESA, CSA, JAXA) and is adopted by DoD and other US
agencies, academia, and private sectors. The cFS project is open source and
hosted on GitHub, where users can report issues, request new features, and
contribute to the development of the software. As a first dataset, we col-
lected a dataset of cFS issue reports from the cFS GitHub repository and
its submodules. The dataset consists of 2,724 issue reports, of which 827 are
labeled as bugs.

F´ is a newer, component-based framework designed for the swift devel-
opment and deployment of spaceflight and other embedded software applica-
tions. Initially created at the JPL, F´ has been effectively utilized in various
JPL missions like Mars Helicopter Ingenuity, Europa Clipper, and Psyche.
It is specifically optimized for, but not restricted to, small-scale spaceflight
systems like CubeSats, SmallSats, and scientific instruments. The second
dataset consists of issue reports from the F´ GitHub repository. The dataset
includes 751 issue reports, of which 371 are labeled as bugs.

In Table 1, we report the distribution of the labels for both datasets.

Projects
Label cFS F´

Bug 827 (30%) 371 (50%)
Non-Bug 1897 (70%) 380 (50%)

Table 1: Distribution of issue labels in the two datasets used for this study, which include
issue reports from the NASA cFS and F´ projects.
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3.2. Data Quality Assessment

In both datasets, a small percentage of the issues (3% for cFS, 5% for
F´) had multiple labels assigned. To reduce the noise in the data, thus
enhancing the datasets’ quality, we conducted a manual annotation of such
issues, to disambiguate their labels. Specifically, we extracted the issues with
multiple labels, i.e. 84 issues from cFS and 40 from F´, totaling 124 cases.
Two independent annotators manually labeled these 124 issues. To avoid
any biases in the annotation, they could not access the existing labels. Each
annotator could assign a single label to each issue (either bug or non-bug),
basing their decision solely on the issue report’s title and textual content.
This approach enabled the reduction of bias and ensured a more accurate
labeling of the tickets.

To evaluate the reliability of the annotated process and, therefore, of the
resulting gold standard dataset, we calculated Cohen’s kappa as a measure of
the agreement between the annotators. For the cFS dataset, we observed that
Cohen’s kappa [14] was 0.80, indicating substantial agreement. For the F´
dataset, Cohen’s kappa was 0.90, indicating almost perfect agreement [55].
After the round of individual labeling, the two annotators discussed and
solved the disagreement cases (12 issues). For 4 issues, the annotators were
not able to reach a consensus due to a lack of contextual information and
decided to discard them. As a result, the final datasets include 2,724 (cFS)
and 751 (F´), respectively, as reported in Table 1.

4. Methodology

4.1. Choice of Models

The choice of the models to include in our benchmark grounds on evidence
provided by existing research on this topic. Several ML-based models have
been proposed for issue report classification. State-of-the-art models are
based on pre-trained language models such as BERT [23], RoBERTa [67],
SetFit [53]. More recently, LLMs [9, 33] have been proposed, especially using
zero-shot learning for low-resource settings.

In this study, we consider six generative models of different sizes, built by
well-known organizations, which we selected based on their popularity and
availability for public reuse on the Hugging Face model hub. We group the
generative models based on the hardware required for their deployment on-
premise. The first group includes models that fit into 2 Nvidia A100 64GB
GPUs, while the second group includes models that fit into 4 Nvidia A100
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64GB GPUs (see Table 2). To reduce the memory footprint and speed up the
inference time, all models are 4-bit quantized before being prompted, using
the bitsandbytes library [21].

Hardware Used

2xA100 64GB

Organization Model Name Parameters

meta-llama Meta-Llama-3.1-8B-Instruct 8b
mistralai Mistral-7B-Instruct-v0.3 7b
Qwen Qwen2.5-7B-Instruct 7b

4xA100 64GB

meta-llama Meta-Llama-3.1-70B-Instruct 70b
mistralai Mixtral-8x7B-Instruct-v0.1 46b
Qwen Qwen2.5-72B-Instruct 72b

Table 2: Generative models included in the benchmark grouped based on the hardware
requirements for deployment on premise.

Furthermore, we also include two encoder models, namely RoBERTa and
SetFit. This choice is motivated by empirical findings reported in previ-
ous research reporting state-of-the-art performance for these two BERT-like
models for the task of automated issue labeling [15]. In particular, RoBERTa
is included as a classifier based on this BERT variant achieved state-of-the-
art performance in previous benchmark studies on issue labeling [16, 15].
Furthermore, we include consideration of few-shot learning techniques to is-
sue classification leveraging the SetFit framework [53]. SetFit is optimized
for fine-tuning transformer models such as Sentence-BERT (SBERT) [46] on
limited training data. Sentence transformers are a family of models that use
transformer architectures to generate sentence embeddings. This approach is
particularly effective for semantic similarity tasks, for which BERT-like mod-
els are not optimized [46]. While not outperforming the RoBERTa baseline,
SetFit achieves comparable performance when trained and tested on data for
which label consistency was manually verified, as demonstrated in previous
work [15].

Finally, we include consideration of models that can be accessed through
the OpenAI API, for completeness. Specifically, we consider the latest GPT
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model at the time of writing, i.e. GPT-4o-2024-05-13 [42]. We include GPT-
4o based on the empirical evidence provided by previous investigation of
Colavito et al. [19] on the use of GPT-like models for automated issue label-
ing. Specifically, they found that they achieve a performance comparable to
state-of-the-art BERT-like LLMs [15].

However, being proprietary, GPT-like models introduce external depen-
dencies and may trigger privacy-related concerns in case of issues including
sensitive data. In such cases, on-premise generative LLMs might represent
an alternative solution, albeit posing deployment challenges due to compu-
tational and scalability issues. As such, we compare their performance and
inference time with two state-of-the-art BERT-like encoder-only models.

4.2. Preprocessing

The issue text was kept as is. For BERT-like models, the title and body
of the issue were concatenated, while for generative models they were kept
separate and used in the prompt.

4.3. Fine-tuning Encoder Models

To evaluate the performance of the SETIFT and RoBERTa models, we
replicate the experimental setting of previous empirical studies [15, 17]. As
for SetFit we replicate its fine-tuning and evaluation approaches by executing
the scripts from the replication package distributed with the original study 4.

The dataset was split into train and test sets using an 80/20 split ra-
tio. The split was performed using the scikit-learn library, using strat-
ification in order to keep the distribution of labels in the training and test
sets consistent with the original dataset. For both datasets, we use the
train set to fine-tune the SetFit and RoBERTa models; then, we test the
performance of all models, including the generative ones, on the test set.
RoBERTa is trained for 15 epochs using a learning rate of 2e − 5, a weight
decay of 1e − 2. The base sentence-transformers model used for SetFit is
sentence-transformers/all-mpnet-base-v2. It is trained for a single
epoch and with 20 iterations 5. For both models, the batch size is set to
16. For the main evaluation reported in Table 4, we report results from a
single training run using a fixed random seed (seed=42) and a deterministic

4https://github.com/collab-uniba/Few-Shot-Learning-for-Issue-Report-Classification
5https://huggingface.co/docs/setfit/conceptual_guides/sampling_

strategies
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stratified train-test split. We note that the learning curve analysis presented
in Section 5.2, in which we trained 10 SetFit models per sample size using
different random seeds and averaged the results, was specifically designed to
account for variance due to random initialization.

Table 3 reports the number of samples in the training and test sets of
cFS and F´ datasets.

Label Train Test Train Test

Bug 662 (30%) 165 (30%) 296 (49%) 75 (50%)
Non-Bug 1517 (70%) 380 (70%) 304 (51%) 76 (50%)

Total 2179 545 600 151

cFS Dataset F´ Dataset

Table 3: Distribution of labels in the cF and F´ datasets and their train-test split. For
each dataset, the train set is used for fine-tuning BERT-like models while the test set is
used to evaluate the performance of all models, including generative LLMs.

4.4. Prompting Generative Models

The prompt template is designed to guide the model in classifying issue
reports by providing clear instructions and label definitions. It includes a
system message that specifies the model’s role, followed by a user message
detailing the format and task requirements. The template is structured to
elicit a step-by-step reasoning process from the model before assigning a label.
This approach aims to leverage chain-of-thought reasoning, which has been
shown to enhance performance in GPT-like models [59]. The prompt was
adapted from the one designed and validated in previous studies by Colavito
et al. [19, 17]. The main difference is that we included a system message that
defines the model’s role as an assistant specialized in analyzing GitHub issues
and assigning appropriate labels. The prompt structure and its components
are represented in Figure 1.

The system is designed as an assistant specializing in analyzing GitHub
issues and assigning appropriate labels, as specified in the system message.
This setup provides context for the task the model is expected to perform.
The input format outlines the structure of the issue report, which includes
the title and body of the issue. This ensures that the necessary information
is presented in a standardized way for effective analysis. The task involves
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GitHub Issue Classification Prompt

System Message:
You are an AI assistant specialized in analyzing GitHub issues and
assigning appropriate labels.
Input Format:
You are provided with a GitHub issue in this format:
Title: ”””the title of the issue”””
Body: ”””the body of the issue”””
Task Description:
You have to assign it a label.
Possible labels are: ”bug”, ”non-bug”
Label Descriptions:
The ”bug” label is used to identify an issue report that describes a
problem or error within the software or codebase. It indicates that
something is not functioning as intended or producing unexpected re-
sults. Bug reports help developers identify and fix issues to improve
the overall quality and reliability of the software.
The ”non-bug” label is applied to any issue that is not a bug. This
includes feature requests, questions, documentation improvements, or
any other type of issue that does not describe a malfunction in the
software.
Input Issue:
Title: ”””title”””
Body: ”””body”””
Output Format Instructions:
The output should be a markdown code snippet formatted in the fol-
lowing schema, including the leading and trailing ”“‘json” and ”“‘”:
‘‘‘json

{

"reasoning": "string", // The step-by-step reasoning to

assign the correct label to the issue.

"label": "string" // The label to assign to the issue.

Possible labels are: "bug", "non-bug".

}

‘‘‘

Output:

Figure 1: GitHub Issue Classification Prompt
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classifying the issue and assigning it a label and is explained in the task
description. To assist in this, a list of possible labels is provided along with
detailed label descriptions. These descriptions are intended to guide the
model in making accurate and consistent classifications. When a specific issue
is presented for classification, it is called the input issue. The model’s output
must follow a specific format, i.e., a JSON object with two fields, as defined
in the output format instructions. Specifically, the first field, ”reasoning,”
is a string that contains a step-by-step explanation of the thought process
behind the assigned label. The second field, ”label,” is a string representing
the assigned label, which must be either ”bug” or ”non-bug.”

We use a zero-shot approach where the prompt only contains label de-
scriptions without any labeled examples. This decision is based on findings
from previous work [19], which indicated no performance gain in a few-shot
learning setting, compared to a zero-shot setting.

For on-premise models, we employed greedy decoding, which guarantees
deterministic outputs given fixed model parameters and execution conditions.
For proprietary models (e.g., GPT-based APIs), we set the temperature to
0 to reduce output variability; however, this does not strictly ensure deter-
minism, as such systems may still exhibit non-deterministic behavior due to
implementation-specific factors

4.5. Parsing the output of generative models

The prompt is designed to require generative models to output a JSON
object that includes both the label and the reasoning behind it. However,
inconsistencies in output formatting are common, such as missing commas
or brackets, which complicate the parsing process. Occasionally, the out-
put may consist of multiple JSON objects or a JSON object followed by a
string. To address these issues, we utilize a regular expression-based extrac-
tion strategy. We search for the first occurrence of the pattern "label":

".*" to extract the label. Outputs not matching this pattern are deemed
invalid. This approach to handling inconsistent output formats is informed
by recent studies on issue labeling [17] and on code translation tasks [38],
which emphasize the need for specific extraction methods to ensure accurate
model evaluation and benchmarking.

4.6. Evaluation

We evaluate the classification performance of all models included in the
benchmark in terms of Precision, Recall, and F1, in line with consolidated

14



practice. We provide the F1 score for each label, as well as the overall
micro- and macro-averaged F1 scores since micro-averaging is known to be
influenced by the performance of the majority class [48]. Furthermore, we
provide the inference time for all models. Specifically, we report the time that
each model takes to classify the entire test set to enable a full assessment of
the feasibility of LLM-based classification in practice.

4.7. Reproducibility Measures

To facilitate reproduction of our results and address known challenges in
LLM reproducibility [2, 7], we provide a comprehensive replication package6

with the following components:
Dependency Management. We provide a requirements.txt file with

fully pinned versions of all dependencies to prevent API drift and version
mismatches that commonly impede reproduction [2].

Containerization. We include a Dockerfile that creates a fully repro-
ducible containerized environment with exact library versions and system
dependencies, ensuring platform independence and minimizing environment-
related variability.

Hardware and System Specifications. All experiments were con-
ducted on NVIDIA A100 64GB GPUs, with 128GB RAM, running Ubuntu
22.04 LTS. We report this information as hardware configurations can sig-
nificantly impact inference behavior and performance [2].

Experimental Configuration. We used random seed 42 throughout
all experiments to enhance reproducibility. All configuration files correspond
exactly to the experiments reported in this paper and are included in the
replication package with clear documentation.

Verification Tools. We provide an end-to-end smoke test script that
verifies correct environment setup and produces expected output formats.
Additionally, we include step-by-step instructions for exact reproduction,
including expected outputs and troubleshooting guidance.

Despite these measures, we acknowledge that LLM-based experiments
face inherent reproducibility limitations. Even with temperature=0 and fixed
seeds, minor variations may occur due to floating-point precision, hardware-
specific optimizations, and non-deterministic operations in deep learning

6https://github.com/peppocola/IssueClassificationOnNasaFlightSoftware
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frameworks [2]. We expect these variations to be negligible and not affect
the overall conclusions of our study.
5. Results

5.1. Assessing the performance of LLMs on the NASA datasets

In the following, we report the results of the issue classification on the
two datasets. In Table 4, we compare encoder models for the cFS and F´
datasets. In Table 5, we compare the performances of the generative models
on the cFS and F´ datasets. In Table 6, we report the performance of GPT-
4o. Note that GPT can only be used via an API call, and as such, inference
time is not comparable to the other generative models.

Table 4: Comparison of RoBERTa and SetFit performances on cFS and F´ Datasets. The
best classification performance for each dataset is highlighted in bold.

cFS Dataset F´ Dataset

RoBERTa SetFit RoBERTa SetFit

Label P R F1 P R F1 P R F1 P R F1

Bug .71 .70 .71 .77 .83 .80 .90 .96 .93 .95 .96 .95
Non-Bug .87 .88 .87 .92 .89 .91 .96 .89 .93 .96 .95 .95

Micro Avg. .82 .82 .82 .88 .88 .88 .93 .93 .93 .95 .95 .95
Macro Avg. .79 .79 .79 .85 .86 .86 .93 .93 .93 .95 .95 .95

Training Time 12m 27s 41m 46s 03m 46s 11m 34s
Inference Time 00m 06s 00m 02s 00m 01s <00m 01s

GPU 1xA100-64GB

For both datasets, we observe that SetFit outperforms RoBERTa (see Ta-
ble 4) as well as all generative models (see Tables 5 and 6) in terms of overall
F1 score (both micro- and macro-average). It is worth noting that generative
models were prompted with zero-shot examples (hence the absence of the es-
timated training time in Tables 5b and 6). This makes them still a valuable
choice in case of the absence of labeled data that could be used for training.
We also note that the inference time for BERT-like models is significantly
lower (up to 6” on 1 GPU) than the time required for classifying the test set
using generative LLMs (25’ for the best-performing model LLama-3.1, which
requires 4 GPUs for deployment).

The results also show a marked difference in performance between the cFS
and F´ datasets with all models. In search of an explanation, we analyzed
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Table 6: GPT Performance on the cFS and F´ Datasets.

Dataset cFS F´

Label P R F1 P R F1

Bug .67 .80 .73 .96 .88 .92
Non-Bug .90 .83 .86 .89 .96 .92

Micro Avg .82 .82 .82 .92 .92 .92
Macro Avg .79 .81 .80 .92 .92 .92

Inference Time 14m 02s 03m 22s

the temporal characteristics of issue labeling practices in both datasets. Our
analysis reveals significant differences in the labeling workflows implemented
in the two projects. In the F´ dataset, 91% of issues receive labels at the
time of creation, with non-instantly labeled issues having an average delay
of 170 hours. In contrast, only 41% of cFS issues are labeled at the creation
time, with the remaining issues experiencing an average labeling delay of 999
hours. Additionally, 98% of F´ issues are labeled by their original authors,
compared to 70% in cFS. These patterns suggest that F´ follows a more
immediate and author-driven labeling process, while cFS relies more heavily
on post-hoc labeling by maintainers or other contributors. Therefore, the F´
dataset benefits from immediate labeling and consistent author-driven clas-
sification, resulting in more coherent and contextually accurate labels. The
substantially longer labeling delays in cFS introduce temporal disconnection
between issue creation and classification, potentially leading to label noise
as contributors may forget context or misinterpret issues over time. Fur-
thermore, the F´ dataset is derived from a single project, which results in
a more homogeneous approach to issue creation and labeling by the project
contributors and users. Conversely, the cFS dataset encompasses issues from
multiple projects. This difference can be the cause of discrepancies in the
labeling of the issues, which can affect the performance of the models, as also
suggested by previous findings [16, 18].

5.2. Minimum train set size to build a robust issue label classifier

Minimizing the amount of labeled data needed to train a model is crucial
in practice, as labeling data may not be available or may be expensive to
obtain. The results of the classification study suggest that the encoder-
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only models outperform classifiers based on generative models consistently
on both datasets. However, the manual annotation of training data remains a
time-consuming task, requiring a significant amount of hours for labeling and
data quality assurance, even for a small, curated dataset. Furthermore, new
projects have few, if any, issues that can be made available for annotation,
thus posing the question on how to transfer the current findings to future
projects.

As such, we perform a follow-up study to establish the optimal number of
labeled examples needed to train the models and achieve good performance,
in line with what is reported in Table 4. This was done by plotting and
analyzing the learning curves of the best-performing model (SetFit) for the
F´ dataset. This was done by progressively increasing the number of training
examples and comparing their performance to zero-shot LLMs.

We started by randomly sampling 5 examples per class from a balanced
dataset. For each sample size, we trained 10 models, each with a different
random seed, to account for variance in the results. The performance metrics
from the 10 models were then averaged to obtain a robust estimate. We
repeated this process with steps of 5 from 5 to 100 samples per class, and
then with steps of 50 from 100 to 250. The performance of the models
obtained at each iteration is consistently assessed on the full test set.

The learning curves are shown in Figures 2a, which depicts the curve
for the overall F1 macro measure, and 2b, which represents the curve for the
Recall of the bug class, for which high recall is crucial to ensure adequate and
timely recognition and handling. The dotted lines represent the performance
of generative LLMs used in a zero-shot setting, i.e. in the absence of training
data. The learning curves suggest that SetFit outperforms classifiers based
on generative LLMs already with less than 20 labeled examples, with optimal
performance achieved around 40 examples in the training set in terms of both
F1 and bug recall.

6. Discussion

Generative vs. encoder-only LLMs. The empirical evidence provided by
this study both corroborates and expands upon the findings of previous re-
search on GPT-like LLMs for automated issue labeling. In their earlier work
Colavito et al. [19] observed that GPT-3.5, without any task-specific fine-
tuning, achieved performance comparable to the fine-tuned SetFit baseline on
a manually labeled dataset. This zero-shot capability of GPT-3.5 suggested
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(a) F1 Macro Comparison.

(b) Bug Recall Comparison.

Figure 2: Learning curves for F1-Macro and Bug Recall on the F´ dataset.
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that LLMs could effectively classify issue reports with minimal performance
loss compared to fine-tuned BERT-like models, offering a significant advan-
tage in scenarios lacking labeled data. However, the present study yields
more nuanced results so we could partially confirm previous findings. Using
the latest GPT-4o model, we could replicate a comparable performance in
the zero-shot setting only for the F´ dataset (Overall F1 = .92, Recall for bug
= .88), which is composed of issues from a unique software project, whereas
the performance for cFS is substantially lower (Overall F1 = .80, Recall for
bug = .80). Similar observations hold for the on-premise LLMs, for which we
observe diverse performances in the zero-shot setting, with an overall F1 =
.91 and Recall for bug = .89 with Llama-3.1-70B for the F´ dataset, which is
composed of issues from a unique software project, whereas the performance
for cFS is substantially lower (Overall F1 = .78, Recall for bug = .79 with
Llama-3.1-70B).

These findings highlight the variability in generative LLMs’ zero-shot per-
formance across different datasets, in line with evidence provided by a com-
prehensive benchmark study assessing 22 generative decoder-only LLMs and
2 BERT-like encoder-only models for issue classification performed on two
different datasets of GitHub issues [17]. While generative LLMs offer a vi-
able solution in the absence of training data, their inconsistent performance
imposes a careful preliminary validation of the classification outcome before
adoption in practice, to ensure alignment with requirements for the envisaged
use cases. Conversely, supervised training of smaller, encoder-only models
consistently yields state-of-the-art performance, albeit at the cost of requir-
ing labeled data (see Table 4), thus further confirming previous empirical
evidence [17].

Trade-off Between Labeling and Computational Costs. Our model ob-
tained by performing few-shot fine-tuning of SetFit achieves the best perfor-
mance on both datasets. Llama-3.1-70B achieves comparable performance in
a zero-shot setting suggesting that on-premise LLMs may be used in absence
of training data. However, the analysis of computational costs suggests that
deployment on-premise of LLMs is associated with higher inference time and
hardware requirements. Conversely, the inference time for SetFit is signifi-
cantly lower, i.e. up to 6” on a single GPU. This is an important aspect to
consider when identifying the solution to adopt in a real use-case scenario.
While zero-shot usage of on-premise LLMs might be good for rapid proto-
typing of classifiers in the absence of training data, better performance can
be achieved by fine-tuning BERT-based models with small manually curated
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training data.
It is important to highlight that for BERT-like models, fine-tuning is a

necessary step, albeit a relatively inexpensive process, both in terms of com-
putational resources (training time put to 12’ in the worst case, using the
entire train set) and human effort required for labeling the training data. In
particular, the analysis of the learning curves suggests that fine-tuning of Set-
Fit with 40 issues already produces higher overall F1 as well as higher recall
for the bug class compared to all generative models included in this bench-
mark. In contrast, the cost associated with fine-tuning generative LLMs is
known to be significantly higher in terms of both computational resources
and data required [22]. As an alternative solution to reduce computational
costs, GPT might be considered. However, further limitations might arise
due to the introduction of unwanted external dependencies and potential
privacy issues associated with the use of the OpenAI API calls.

6.1. Lessons Learned

Overall, our empirical findings suggest that successful issue classification
depends more on thoughtful data curation, appropriate model selection for
specific constraints, and systematic process implementation than on simply
deploying the largest available models. The findings of this study demon-
strate that practical, cost-effective solutions often outperform resource-intensive
alternatives when properly implemented. As such, based on our findings, we
provide empirically-driven guidelines for the practical adoption of LLMs for
automated issue label classification in an industrial project.

Data Quality Guidelines

• Prioritize consistency over quantity. The study demonstrates that clas-
sifiers evaluated on well-curated, single-project datasets (like F´) signif-
icantly outperform models evaluated on larger but diverse multi-project
datasets (like cFS). Developers should focus on establishing standard-
ized issue reporting practices within their organizations rather than
simply collecting more data. Consistent labeling conventions and re-
porting formats yield better classification results than large volumes of
inconsistently labeled issues.

• Start small but aim for quality. The learning curve analysis reveals
that effective classification can be achieved with as few as 40 carefully
labeled issues per class. Rather than attempting to label thousands of
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issues, developers should invest in creating a small, high-quality train-
ing set with verified labels and clear annotation guidelines.

Model Selection and Deployment

• Choose models based on your constraints, not just performance. While
larger generative models can achieve good zero-shot performance, fine-
tuned smaller models like SetFit often provide superior results with
significantly lower computational requirements. For production sys-
tems with labeled data available, BERT-like models requiring only 6
seconds for inference should be preferred over LLMs requiring 25+ min-
utes using the same hardware. Zero-shot LLMs have proven valuable
for rapid prototyping and scenarios without labeled data, but they
require substantial computational resources for production use. Devel-
opers should evaluate not just model accuracy but also inference time,
hardware requirements, and ongoing operational costs when making
model selection decisions.

• Consider hybrid approaches for different use cases. Use zero-shot LLMs
for initial triage or when dealing with novel issue types, but rely on fine-
tuned models for production classification of well-defined categories.
This allows organizations to benefit from both approaches while man-
aging computational costs effectively.

• Plan for your data sensitivity requirements. Organizations handling
sensitive or proprietary information should prioritize on-premise solu-
tions over API-based services. The study shows that fine-tuned models
can be deployed locally with reasonable resource requirements, while
maintaining data privacy and eliminating external dependencies.

Issue Creation and Labeling

• Implement immediate label assignment upon issue creation The per-
formance difference between single-project and multi-project datasets
highlights the importance of consistent reporting practices, but equally
critical is the timing of label assignment. Organizations should im-
plement workflows that encourage or require issue authors to assign
preliminary labels at the creation time, as immediate labeling by the
original author significantly improves dataset quality and subsequent
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classification accuracy. Extended delays between issue creation and la-
beling introduce substantial context loss, contributing to performance
degradation across all model types. Having a strong set of guidelines
for issue reporting, such as assigning labels at the time of issue creation,
can significantly improve classification outcomes.

6.2. Limitations

In the following, we discuss the limitations of the present study and how
we mitigate them. Despite our efforts to ensure reproducibility through
pinned dependencies, containerization, and detailed documentation, LLM-
based experiments face inherent reproducibility challenges [2, 7].

Recent empirical evidence demonstrates that even with temperature=0
and fixed random seeds, LLM outputs may exhibit minor non-determinism
due to factors including floating-point operations, hardware differences (e.g.,
different GPU architectures), CUDA version variations, and implementation-
specific optimizations in inference libraries [2]. This non-determinism affects
both commercial models accessed via APIs and self-hosted open models.

For encoder-only models (RoBERTa, SetFit), we used fixed random seeds
(seed=42) and deterministic train-test splits, which provide more stable re-
production conditions. However, for any model employing neural network ar-
chitectures, complete bit-level reproducibility across different hardware and
software environments cannot be guaranteed.

The rapid evolution of the Hugging Face ecosystem presents additional
challenges. API changes and dependency updates can break compatibility
even with pinned versions if underlying system libraries change [2]. To miti-
gate this, our replication package includes fully pinned environment specifi-
cations and containerization via Docker for environment isolation.

Furthermore, commercial model providers do not guarantee long-term
availability of specific model versions. Although we specify exact model ver-
sions where possible (e.g., gpt-4-0613), these versions may be deprecated in
the future, limiting long-term reproducibility of experiments using commer-
cial APIs [2]. This motivates our inclusion of open-source baselines where
feasible.

The design of the prompt template for generative LLMs introduces a
potential threat to internal validity. Previous research has demonstrated
the potential impact of prompt engineering in optimizing the classification
performance of generative models [9]. To address this concern, we defined
the prompt in line with the findings of previous research by Colavito et
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al. [19] who employ multiple prompts of varying lengths, including zero-shot
approaches with only label definitions and few-shot methods incorporating
labeled issue examples. Specifically, they previously explored diverse strate-
gies for prompt definition in the few-shot prompt setting, such as including
or omitting label descriptions alongside issue examples. They conclude that,
while including label descriptions enhances performance, few-shot prompt
strategies are less effective than zero-shot approaches for generative LLMs.
As such, in the current benchmark we decided to focus solely on zero-shot
evaluation for generative LLMs.

Internal validity may also be affected by configuration parameters, a com-
mon limitation in ML-based approaches. For generative LLMs, the model
temperature is a crucial setting, as higher values can lead to more unpre-
dictable outputs (as documented for GPT-like models [40]). While this un-
predictability can be an advantage for creative tasks, it may be detrimental
for classification tasks, potentially resulting in divergent outputs for identical
prompts [60]. For on-premise models, we mitigated this threat by employing
greedy decoding, which guarantees deterministic outputs under fixed exe-
cution conditions. For proprietary models (e.g., GPT-based APIs), we set
the temperature to zero to minimize output variability; however, this setting
does not strictly guarantee determinism due to implementation-specific fac-
tors such as dynamic decoding behavior and backend-level effects. Future
research could explore the impact of temperature and decoding strategies on
classification tasks.

An additional limitation of this study is the fact that it does not consider
the potential for improved classification performance leveraging fine-tuning
of generative LLMs with software development domain data. While worth
investigating, this problem is outside the scope of our current study. In fact,
our primary focus is on evaluating the performance of BERT-like and gener-
ative LLMs in a specific use-case scenario, i.e. on the task of issue labeling
in the NASA Flight Software Systems. Future replications incorporating
fine-tuned generative models could complement our findings, providing more
comprehensive empirical evidence to guide researchers and practitioners in
LLM usage.

As for external validity, while our study focuses on aerospace software,
several findings likely generalize to other safety-critical domains (automotive,
medical devices, financial systems) that share similar characteristics: formal
reporting processes, rigorous quality requirements, and specialized terminol-
ogy. However, the better performance on single-project datasets, as in the
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case of F´, may suggest further investigations are needed to further confirm
the current findings in large software ecosystems, for which multi-project
inconsistency might be a relevant issue.

A threat to construct validity concerns our operational definition of “bug.”
Our classification relies solely on issue report text and assigned labels, with-
out code analysis or design artifact review. This represents a significant lim-
itation, as accurate bug identification in practice requires examining source
code, consulting requirements specifications, and obtaining expert input to
distinguish genuine defects from misunderstandings, feature requests, or doc-
umentation issues. Our manual annotation achieved high inter-annotator
agreement (Cohen’s κ = 0.80 for cFS, κ = 0.90 for F´), demonstrating label
consistency. However, this measures agreement between annotators rather
than correctness against ground truth. Both annotators based their deci-
sions on issue text alone, without access to code or consultation with NASA
developers. Therefore, we cannot guarantee that all issues labeled as “bugs”
represent true defects, nor that “non-bug” labels are definitively correct. Our
work addresses automated issue triage based on textual content. The mod-
els learn to predict labels consistent with NASA repository practices, which
may themselves contain errors. While this provides practical value for rapid
triage and prioritization, practitioners should treat predictions as triage sug-
gestions rather than definitive classifications, implement human review for
high-priority issues, and validate critical decisions with code-level analysis,
particularly in safety-critical aerospace applications where misclassification
could have serious consequences.

7. Conclusion

This study presents a comprehensive benchmark comparing BERT-like
encoder-only models and generative LLMs for issue classification in NASA
Flight Software Systems. While this study builds upon state-of-the-art clas-
sification techniques [15, 19], it introduces significant contributions in terms
of empirically-driven guidelines for industrial deployment of LLMs for auto-
mated issue labeling in safety-critical domains. Specifically, this study further
contributes domain-specific assessment of LLMs for issue classification on two
NASA datasets that are representative of unique characteristics of aerospace
software development practices. These insights can guide practitioners in se-
lecting appropriate models based on their specific needs, available resources,
and data constraints.
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Future research directions include exploring the prediction of more fine-
grained labels within the bug class, to enable early defect detection and
profiling. This could lead to a more precise categorization of software issues,
potentially improving the efficiency of bug triage and resolution processes.
Additionally, examining the potential for transfer learning between differ-
ent software projects or domains could leverage pre-existing knowledge and
improve classification accuracy. Such research could pave the way for more
robust and adaptable issue classification systems, capable of performing well
across varied software environments and project types.

By advancing our understanding of issue classification in flight software
systems, this work contributes to the broader goal of enhancing software qual-
ity assurance practices in critical domains. The methodologies and findings
presented here may also inform similar classification tasks in other special-
ized software development fields, potentially leading to improved software
maintenance and reliability across various sectors of the industry.
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