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A B S T R A C T

Context: Utilizing pretrained language models (PLMs) has become common practice in maintaining the content
quality of question-answering (Q&A) websites. However, evaluating the effectiveness of PLMs poses a challenge
as they tend to provide local optima rather than global optima.
Objective: In this study, we propose using semantic-preserving Metamorphic Relations (MRs) derived from
Metamorphic Testing (MT) to address this challenge and validate PLMs.
Methods: To validate four selected PLMs, we conducted an empirical experiment using a publicly available
dataset comprising 60000 data points. We defined three groups of Metamorphic Relations (MRGs), consisting of
thirteen semantic-preserving MRs, which were then employed to generate ‘‘Follow-up’’ testing datasets based on
the original ‘‘Source’’ testing datasets. The PLMs were trained using a separate training dataset. A comparison
was made between the predictions of the four trained PLMs for ‘‘Source’’ and ‘‘Follow-up’’ testing datasets
in order to identify instances of violations, which corresponded to inconsistent predictions between the two
datasets. If no violation was found, it indicated that the PLM was insensitive to the associate MR; thereby,
the MR can be used for validation. In cases where no violation occurred across the entire MRG, non-violation
regions were identified and supported simulation metamorphic testing.
Results: The results of this study demonstrated that the proposed MRs could effectively serve as a validation
tool for content quality classification on Stack Overflow Q&A using PLMs. One PLM did not violate the
‘‘Uppercase conversion’’ MRG and the ‘‘Duplication’’ MRG. Furthermore, the absence of violations in the MRGs
allowed for the identification of non-violation regions, confirming the ability of the proposed MRs to support
simulation metamorphic testing.
Conclusion: The experimental findings indicate that the proposed MRs can validate PLMs effectively and
support simulation metamorphic testing for PLMs. However, further investigations are required to enhance
the semantic comprehension and common sense knowledge of PLMs and explore highly informative statistical
patterns of PLMs, in order to improve their overall performance.
. Introduction

Question-answering (Q&A) websites, which serve as a dynamic
elf-learning platform, provide a source of learning or solution search-
ng for different users (Annamoradnejad et al., 2022). Stack Over-
low and Quora are among the largest and most popular self-learning
latforms for different levels of computer and software practitioners
Annamoradnejad et al., 2022; Xu et al., 2023; Zhang et al., 2023).
iven their significance, the content quality of the Q&A websites must
e maintained to remain popular and provide quality support to their
sers. (Annamoradnejad et al., 2022).

Machine learning is a cutting-edge technology that has been ap-
lied to maintain the quality of Q&A websites by applying pretrained
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language models (PLMs) to either replying the users’ questions or clas-
sifying the content quality of the sites automatically (Annamoradnejad
et al., 2022; Singhal et al., 2023; Xu et al., 2023). Although PLMs are
capable of performing the replying and classification tasks, a robust
evaluation approach is required to ensure the correctness of PLMs
(Chang et al., 2024).

Evaluating the performance of machine learning models, including
PLMs, is a test oracle problem since machine learning models can
deliver local optima rather than global optima. Metamorphic Testing
(MT) was selected for this challenge as it is a widely used technique
to alleviate the test oracle problem (Sun et al., 2022; Xiao et al.,
2022; Xie et al., 2020; Ying et al., 2021; Zhang et al., 2021; Zhou
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et al., 2020a). MT addresses the test oracle problem by examining
the expected relationships between input–output pairs in consecutive
executions of the systems (Duque-Torres et al., 2023). These expected
relationships are expressed as metamorphic relations (MRs), and if the
output results in various software executions violate an MR, a fault is
revealed (Segura et al., 2019; Zhou et al., 2020a). We can avoid the
test oracle problem and evaluate the models through this approach.

In this study, we adopted the MT approach to validate PLMs for con-
tent quality classification of Q&A websites. We derived three groups of
semantic-preserving MRs inspired by Zhou et al. (2020a), and these MR
groups (MRGs) assume that predictions should not be affected as the
semantic meanings are preserved. We experimented with four different
PLMs on labelled datasets containing 60,000 Stack Overflow questions
with quality ratings. We applied MRs to generate thirteen follow-up
testing datasets for testing. The source and follow-up predictions of
PLMs were compared, and if there was no violation, meaning there
was no inconsistent prediction between the two datasets, the PLM was
insensitive to the related MR and that MR could be used for validation.
If the PLM was insensitive to data transformation, then any violation
to MR could be interpreted as a fault in the model. Furthermore, if
there was no violation with the entire MRG, non-violation regions were
identified for supporting simulation metamorphic testing.

The results show that the proposed MRs can effectively validate
PLMs on classifying the content quality of Stack Overflow Q&A and
can support simulation metamorphic testing by identifying the non-
violation regions. The main contributions of this study include:

(1) We validate four different PLMs with our proposed MRs and
nalyse the range of MRs to create non-violation regions in support
f simulation metamorphic testing. To our best knowledge, this study
s the first study to introduce this approach to validate PLMs for
lassifying the content quality of Stack Overflow Q&A.

(2) The semantic-preserving MRs are proposed to validate PLMs
ffectively. One PLM did not violate two types of MRs. These results
emonstrate that the proposed MRs can be extended to validate other
omains using different languages and PLMs.

(3) We created a systematic validation approach using semantic-
reserving MRs for researchers and practitioners to follow and apply.

(4) We outlined several research challenges and opportunities that
esearchers may encounter in extending the proposed approach for
LMs in other areas.

This paper is structured in the following manner. Section 2 intro-
duces Question-answering (Q&A) websites using the machine learning
pproach. It also discusses the challenges in test oracle problem, MT,
nd the recent related works. Section 3 describes the methodology of
his study to determine the effectiveness of the proposed MRs in validat-
ng PLMs. Section 4 discusses and analyses the results. Section 5 covers

the threats to the validity of this study. Finally, Section 6 concludes this
paper with the limitations of this study and future directions.

2. Literature review

This section briefly introduces question-answering (Q&A) websites
using the machine learning approach, test oracle problem and the
preliminary knowledge of MT, and related works.

2.1. Question-answering (Q&A) websites

Question-answering (Q&A) is a crucial technology in the field of
uman–computer interaction (Chang et al., 2024), and Q&A websites

provide a self-learning platform for many users. Quora and Stack
Overflow are among the largest and most popular Q&A self-learning
platforms for software-related issues (Annamoradnejad et al., 2022; Xu
et al., 2023; Zhang et al., 2023). These platforms contain different user-
provided content ranging from simple guidelines to highly sophisticated
nd experienced answers, serving as valuable sources of learning and
olutions for users at different levels (Annamoradnejad et al., 2022).
2

Thus, their content quality must be maintained to protect the sites’
eputation, attract more visitors, provide a better user experience,
ncourage experts answering more questions, and increase search result
ankings of the sites (Annamoradnejad et al., 2022). Maintaining the
ontent quality is accomplished by keeping questions clean and clear,

removing unpleasant content and duplicated questions, and safeguard-
ing high-quality content from unwanted changes (Annamoradnejad
et al., 2022).

2.2. Using machine learning approach

Machine learning models, such as PLMs, have been applied to
maintain the content quality of Q&A websites and respond to questions
cross various Q&A platforms (Gao et al., 2023; Mousavi et al., 2020;

Singhal et al., 2023; Wen et al., 2020; Xu et al., 2023). Machine learn-
ing models have also been applied to generate hints for the question,
aiding users in getting the final answers and clarifying the questions
(Zhang and Yang, 2024). Furthermore, they have been used to construct
a multimodal medical Q&A system with medical text and image data
(Zhi, 2024).

PLMs have been utilized on Medical Q&A sites for answering med-
cal questions; although the performance of PLMs is reasonably ac-
eptable, human reviews and evaluation frameworks are required for
reating safe and helpful clinically used PLMs (Singhal et al., 2023).
enerative Pretrained Transformers (GPT), which is a PLM developed
y the company OpenAI, has been used to reply to Stack Overflow

questions; however, human responses to Stack Overflow questions are
still better than PLMs (Xu et al., 2023).

Despite human responses are better at answering questions, it is
challenging to maintain the content quality of Q&A from commu-
nity support websites, such as Stack Overflow, and using PLMs has
demonstrated the ability to automate moderation and content quality
prediction (Annamoradnejad et al., 2022; Sen et al., 2020). PLMs were
lso applied to evaluate and examine the content quality of health-
elated Q&A sites, and the results were acceptable (Mousavi et al.,

2020; Wen et al., 2020). Additionally, PLMs have been employed to
identify duplicate questions on Game Development Stack Exchange and
Stack Overflow Q&A websites to enhance content quality (Kamienski
et al., 2023).

Overall, PLMs exhibit good performance on Q&A tasks and have the
otential for further enhancing their proficiency in social, event, and

temporal common sense knowledge in the future; however, there is a
need for an evaluation method to ensure the accurate assessment of
PLMs’ capabilities and limitations (Chang et al., 2024).

2.3. Test oracle problem and metamorphic testing

Performance evaluation of machine learning models, such as PLMs,
is a test oracle problem since machine learning models deliver local
ptima rather than global optima (Xie et al., 2020; Ying et al., 2021;

Zhang et al., 2021; Zhou et al., 2020a). While human evaluation of
the responses of PLMs is feasible (Singhal et al., 2023), it becomes
more challenging when dealing with a large volume of the responses
of PLMs. To address this issue, a systematic and practical approach
for validating PLMs is needed, and Metamorphic testing (MT) can be
employed to mitigate the test oracle problem (Xie et al., 2020; Ying
et al., 2021; Zhang et al., 2021; Zhou et al., 2020a). MT addresses the
test oracle problem by examining the expected relationships between
input–output pairs in consecutive executions of the systems (Chen et al.,
2020; Duque-Torres et al., 2023). These ‘‘expected’’ relationships are
expressed as metamorphic relations (MRs), and if the output results
in various software executions violate an MR, then a fault is revealed
(Segura et al., 2019; Zhou et al., 2020a).

For example, a mathematical property of the 𝑠 𝑖 𝑛 𝑒 function is that
sin(y) = sin (𝜋 -y). The corresponding MR is that if two function inputs,
y1 and y2, satisfy y1 + y2 = 𝜋, then two function outputs should be
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Table 1
Table of the proposed semantic-preserving MRs.

MR group
(MRG)

Descriptions

MRG1:
Duplication

MR1.1 — duplicate the content of the title
two times
MR1.2 — duplicate the content of the title
three times
MR1.3 — duplicate the content of the title
four times
MR1.4 — duplicate the content of the title
five times
MR1.5 — duplicate the content of the title six
times

MRG2:
Abbreviation
replacementa

MR2.1 — Replace [don’t, doesn’t, didn’t] with
[do not, does not, did not]
MR2.2 — Replace [don’t, doesn’t, didn’t, can’t,
couldn’t] with [do not, does not, did not,
cannot, could not]
MR2.3 — Replace [don’t, doesn’t, didn’t, can’t,
couldn’t, won’t, wouldn’t] with [do not, does
not, did not, cannot, could not, will not, would
not]
MR2.4 — Replace [don’t, doesn’t, didn’t, can’t,
couldn’t, won’t, wouldn’t, shalln’t, shouldn’t,
isn’t, wasn’t, aren’t, weren’t] with [do not, does
not, did not, cannot, could not, will not, would
not, shall not, should not, is not, was not, are
not, were not]

MRG3:
Uppercase
conversion

MR3.1 — Convert 25% texts to uppercase
MR3.2 — Convert 50% texts to uppercase
MR3.3 — Convert 75% texts to uppercase
MR3.4 — Convert 100% texts to uppercase

a This experiment does not check the spelling errors, such as ‘‘cant’’, ‘‘dont’’.

equal, i.e., sin(y1) = sin(y2). Based on MR, y2 is constructed based on
1 and sin(y1). Therefore, we refer to y1 as a source input and y2 as

a follow-up input. Such relations can be used to test the program as if
the outputs of sin(y1) and sin (y2) are different. The implementation
for this function sin() is faulty as it violates the above MR (Zhang et al.,
2021).

MT has been applied to alleviate test oracle problems in many
reas (Segura et al., 2018), for example, bioinformatic software (Stacy

et al., 2022), machine learning classification (Ellis et al., 2021; Riccio
et al., 2020; Saha and Kanewala, 2019; Xie et al., 2011), crypto-
graphic software (Pugh et al., 2019), online search engines (Segura
t al., 2019), and so on. Zhou et al. (2020a) further the concept of
etamorphic relations and symmetry to defined metamorphic relation

patterns (MRPs) that can derive multiple MRs. Segura et al. (2019)
resented a list of MRPs for identifying multiple MRs in testing query-
ased systems. Furthermore, Ying et al. (2022) have incorporated the

simulation testing concept into MT and introduced the concept of MR-
iolation regions to enable testers or researchers to determine whether
he test case is violated or not by the location of the test case.

Therefore, this paper aims to demonstrate MT’s practicality in val-
idating PLMs and supporting simulation testing through a comprehen-
sive scaled experiment.

3. Methodology

The main objective of this experiment is to attempt to answer two
esearch questions.

RQ1 Can MRs validate the content quality classification of Stack
Overflow problems using Pretrained Language Models?

RQ2: Can MRs support simulation metamorphic testing for Pre-
rained Language Models?
 q

3

In this section, we presented the proposed semantic-preserving MRs
roup and evaluated the effectiveness through the experiment’s design
nd implementation.

3.1. Metamorphic relations (MRs)

In this study, we adopted the MT approach to validate PLMs and
derived three semantic-preserving MR groups (MRGs) inspired by Zhou
et al. (2020a). These relation groups revolve around the principle of
symmetry, positing that the quality predictions for content – specif-
ically, for ‘‘Source’’ and ‘‘Follow-up’’ questions on Stack Overflow –
should remain consistent, as the semantic content does not change
(Table 1). Thus, systems should classify the content quality of ‘‘Source’’
Stack Overflow questions and the ‘‘Follow-up’’ Stack Overflow ques-
tions created by MRGs with the same quality rating. MRGs should be
held. Otherwise, there is a violation with MRGs and a fault in the PLM.

MRG1 — Duplication
‘‘Source’’ and ‘‘Follow-up’’ prediction results should be consistent

regardless of duplicating the content of title texts. Due to the limited
computer resources, this experiment only duplicates the content of
title texts (not title and body text). As the contents of title texts are
duplicated but not modified, there is no change in semantic meaning;
thus, they should give the same outputs.

For example, we assume two sentences, ‘‘I don’t know’’ and ‘‘I don’t
know I don’t know’’, are semantic equivalent to the models, and models
will classify both sentences with the same label.

We create five associated MRs duplicating the content of the title
texts at different times, and they are MR1.1, MR1.2, MR1.3, MR1.4,
and MR1.5 (Table 1).

MRG2 — Abbreviation replacement
‘‘Source’’ and ‘‘Follow-up’’ prediction results should be consistent

regardless of whether terms are presented in their abbreviated form or
full form. This consistency is expected as the transformation involves
expanding abbreviations in the title and body texts to their full forms
without altering the overall semantic meaning. Thus, they should give
the same outputs.

For example, we assume two sentences, ‘‘I don’t know’’ and ‘‘I do not
know’’, are semantic equivalent to the models, and models will classify
both sentences with the same label.

We create four associated MRs that replace different numbers of
abbreviations into full forms, and they are MR2.1, MR2.2, MR2.3, and
MR2.4 (Table 1).

MRG3 — Uppercase conversion
‘‘Source’’ and ‘‘Follow-up’’ prediction results should be consistent

regardless of whether uppercase or lowercase is used. As only the case
format of the title and body texts are changed, there is no change in
semantic meaning; thus, they should give the same outputs.

For example, we assume two sentences, ‘‘I don’t know’’ and ‘‘I
ON’T KNOW’’, are semantic equivalent to the models, and models will

classify both sentences with the same label.
We create four associated MRs that convert texts from lowercase

into uppercase at different percentages of texts in the title and the body
texts, and they are MR3.1, MR3.2, MR3.3, and MR3.4 (Table 1).

3.2. Test scenario

Inspired by Annamoradnejad et al. (2022), this study used the self-
learning Q&A website ‘‘Stack Overflow’’ as the test scenario. It is crucial
to maintain the content quality of the Q&A site, and using PLMs to
classify content quality is a time-saving approach for maintaining and
improving the quality of the site (Annamoradnejad et al., 2022). Four
PLMs are chosen in this study as the classifiers of the Stack Overflow
uestions.
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3.3. Subject pretrained language model

This experiment involved four PLMs provided by the machine learn-
ng community ‘‘Hugging Face’’.1

XLNet was firstly introduced by Yang et al. (2019) and is pre-
trained on a large-scale dataset, including Wikipedia, BookCorpus,
Giga5, ClueWeb, and Common Crawl. It is an unsupervised generalized
pretraining learning method based on a permutation-based language
modelling objective and employs the Transformer-XL model as the core
model to preserve the advantages of the autoregressive language model
and bidirectional model (Annamoradnejad et al., 2022; HuggingFace,
2024d; Yang et al., 2019; Zhou et al., 2020b). XLNet has been applied
in language tasks that use sentences to make decisions, such as text
generation, text classification and question answering, and this study
uses the cased version (Annamoradnejad et al., 2022; HuggingFace,
2024d).

XLM-Roberta. Roberta is a transformer model similar to BERT,
which operates as a bidirectional PLM that processes from ‘‘unlabelled
text by jointly conditioning on both left and right context in all layers’’
(Devlin et al., 2018). XLM-Roberta is enhanced with dynamic masking,
entences without next sentence prediction loss, a larger batch size,
nd a more extensive vocabulary size, which gives it access to more
nowledge than other PLMs. As for XLM-Roberta, it is a multilingual
ased version of Roberta and is pretrained with filtered CommonCrawl
ata which is at the size of 2.5 terabytes and contains over 100
anguages (Conneau et al., 2019; HuggingFace, 2024c; Zhou et al.,

2020a).
T5, which is developed by Google and pretrained on the Colos-

al Clean Crawled Corpus, is an encoder–decoder transfer learning
odel for natural language processing that converts every language
roblem into a unified text-to-text format (HuggingFace, 2024a; Raffel
t al., 2020; Shazeer, 2020). The model has demonstrated proficiency

across various language tasks, including question-answering and text
lassification (Raffel et al., 2020). This study utilizes version 1.1 of T5.

GPT1 is an uni-directional language model and the pioneering
generative pretraining transformer-based language model created and
eleased by the technology company ‘‘OpenAI’’, and it uses language
odelling on a large corpus with the ability to process long-range
ependencies (HuggingFace, 2024b; Radford et al., 2018; Zhou et al.,

2020a). GPT1 is pretrained with the BooksCorpus dataset, contain-
ng over 7000 unique unpublished books and has proven to solve
iscriminative tasks such as question answering, semantic similarity
ssessment, entailment determination, and text classification (Radford

et al., 2018).

3.4. Dataset

This study utilizes a publicly available dataset from Kaggle,2 which
was created to study the content quality classification of Stack Overflow
uestions (Annamoradnejad et al., 2022). The dataset contains 60,000
tack Overflow questions in English and serves the intent of this
tudy. Questions are classified into three labels: ‘‘High quality questions
hat require no moderation action’’ (HQ), ‘‘Low-quality questions that
equire community edits’’ (LQ_EDIT), and ‘‘Low-quality questions that
ere closed by the community without a single edit’’ (LQ_CLOSE)

(Annamoradnejad et al., 2022), p. 147).
For this study, the training dataset includes 45,000 Stack Overflow

questions with labels for training PLMs. The testing dataset contains
15,000 Stack Overflow questions with labels and is the ‘‘Source’’ testing
dataset. We applied MRGs with ‘‘Source’’ testing datasets to create thir-
teen ‘‘Follow-up’’ testing datasets for comparison. In addition, datasets
re cleansed and all set to lowercase before training and testing.

1 Hugging Face website is https://huggingface.co/.
2 The dataset is downloaded on 23∕09∕2023 from https://www.kaggle.com/

datasets/imoore/60k-stack-overflow-questions-with-quality-rate.
4

3.5. Environment

This experiment environment included using ‘‘Intel Core’’ i7 CPU
with 64 GB RAM, ‘‘Windows 10’’ operating systems, ‘‘Jupyter Note-
book’’ development platform and ‘‘Python’’ programming language and
related libraries, such as ‘‘transformers’’, ‘‘tensorflow’’, ‘‘scikit_learn’’,
for machine learning algorithms. Standard parameters are applied to
all PLMs, and the rest of the options are set to default values.

3.6. Measurement

This experiment measures the re-labelling rate (RR), inspired by Xie
et al. (2020), to measure the differences between the source and follow-
p outputs. Source outputs were the prediction outcomes of PLMs on
he ‘‘Source’’ testing dataset, whereas follow-up outputs were the pre-

diction outcomes of PLMs on the ‘‘Follow-up’’ testing datasets. Suppose
here is no violation, which is prediction inconsistency, between source
utputs and follow-up outputs. In that case, RR is zero, and the PLM is
nsensitive to the associated MR, which means the MR could be used

for validation.
Let ‘‘Source’’ testing dataset be Ts = [x1, x2 ...xn] and ‘‘Follow-

up’’ testing dataset be Tf = [xf1, xf2 . . . xfn]. PLM was trained by the
training dataset. The prediction outcomes of PLM with Ts be Ys =
ys1, ys2 ...ysn], and the prediction outcomes of PLM with Tf be Yf =
yf1, yf2 . . . yfn]. Let dif be the number of cases with label differences
etween Ys and Yf. RR is calculated as Eq. (1).

RR = dif ∕total size of testing dataset (1)

The above calculation indicates that no difference between Ys and
Yf if RR is zero, which is considered a zero violation of this MR. If RR is
arger than zero, then violations have occurred. Concerning validation,

if RR is zero, no violation is caused by MR, and vice versa.
As the subject datasets are labelled, we also employ the prediction

ccuracy rate (ACC) and Matthew correlation coefficient (MCC) (Chicco
and Jurman, 2020). These measurements can show any relationship
between MRs and prediction accuracy. Let Tp be true positives that are
the actual positives and correctly predicted, Tn be true negatives that
are the actual negatives and correctly predicted, Fp be false positives
that are the actual negatives and wrongly predicted as positives, and
Fn be false negatives are the actual positives and wrongly predicted
negatives. ACC is calculated as Eq. (2), and MCC is calculated as Eq. (3)

𝐴𝐶 𝐶 = (𝑇𝑝 + 𝑇𝑛)∕(𝑇𝑝 + 𝑇𝑛 + 𝐹𝑝 + 𝐹𝑛) (2)

CC =
(Tp × Tn − Fp × Fn )

√

((Tp + Fp) ×
(

Tp + Fn
)

×
(

Tn + Fp
)

× (Tn + Fn))
(3)

3.7. Experiment design

Our experiment includes six steps as follows:
Step 1. We apply the proposed MRs to the ‘‘Source’’ testing dataset

nd generated thirteen ‘‘Follow-up’’ testing datasets. Step 2. We train
he subject PLMs with a training dataset containing 45,000 Stack
verflow questions with labels. Step 3. PLMs make predictions on the

‘Source’’ testing dataset containing 15,000 Stack Overflow questions
ith labels to create source outputs. Step 4. PLMs make predictions on

hirteen ‘‘Follow-up’’ testing datasets to create thirteen sets of follow-up
utputs. Step 5. We compare source and follow-up outputs and analyse
heir differences in measurement. A failure is revealed if the relation is
iolated, which means differences occur between the outputs (Fig. 1).
tep 6. If there is zero violation with the whole group of MRs, a non-
iolation region is identified for supporting simulation metamorphic
esting.

Four trained PLMs were tested with one source testing dataset and
thirteen follow-up testing datasets. Thus, this study had four sets of
source outputs and fifty-two sets of follow-up outputs for comparison.

https://huggingface.co/
https://www.kaggle.com/datasets/imoore/60k-stack-overflow-questions-with-quality-rate
https://www.kaggle.com/datasets/imoore/60k-stack-overflow-questions-with-quality-rate
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Fig. 1. Illustration of the experiment (Step 1 to 5).

Table 2
RR values of four PLMs with all MRs.

XLNet XLM-Roberta GPT1 T5 Average

MRG1

MR1.1 0.41% 0.37% 0.00% 0.35% 0.28%
MR1.2 0.66% 0.37% 0.00% 0.37% 0.35%
MR1.3 0.97% 0.37% 0.00% 0.37% 0.43%
MR1.4 1.31% 0.37% 0.00% 0.37% 0.51%
MR1.5 1.57% 0.37% 0.00% 0.37% 0.58%

MRG2
MR2.1 0.02% 0.02% 0.04% 0.04% 0.03%
MR2.2 0.05% 0.11% 0.39% 0.11% 0.17%
MR2.3 0.06% 0.11% 0.40% 0.11% 0.17%
MR2.4 0.06% 0.11% 0.40% 0.14% 0.18%

MRG3
MR3.1 24.30% 19.40% 0.00% 17.85% 15.39%
MR3.2 26.95% 21.27% 0.00% 20.39% 17.15%
MR3.3 27.09% 21.33% 0.00% 20.48% 17.23%
MR3.4 27.11% 21.35% 0.00% 20.46% 17.23%

4. Result and discussion

We first studied the violations of all MRs with all subject PLMs
o evaluate the effectiveness of our proposed MRGs (RQ1). Then, we
nalysed the zero-violation cases to seek an understanding of locating

the non-violation region to support simulation MT (RQ2). Finally, we
further analysed the results to examine the reasons for the violations.

4.1. Zero violation with MRG1

Table 2 shows that GPT1 had zero RR with all MRs of MRG1.
Although MRG1 only duplicates the content of the title, it is effective
MRG as only GPT1 achieves zero violation instead of all PLMs. Thus,
MRG1 can be used as a validation tool for content quality classification
on Stack Overflow problems using GPT1.
5

Table 3
ACC values of four PLMs with all MRs and Source.

XLNet XLM-Roberta GPT1 T5

SRC 85.67% 85.86% 46.15% 86.15%

MRG1

MR1.1 85.51% 85.72% 46.15% 86.06%
MR1.2 85.51% 85.72% 46.15% 86.06%
MR1.3 85.50% 85.72% 46.15% 86.06%
MR1.4 85.41% 85.72% 46.15% 86.06%
MR1.5 85.44% 85.72% 46.15% 86.06%

MRG2
MR2.1 85.69% 85.87% 46.16% 86.16%
MR2.2 85.67% 85.89% 46.20% 86.18%
MR2.3 85.68% 85.89% 46.20% 86.18%
MR2.4 85.68% 85.88% 46.20% 86.19%

MRG3
MR3.1 73.70% 77.85% 46.15% 78.37%
MR3.2 71.57% 76.57% 46.15% 76.85%
MR3.3 71.47% 76.65% 46.15% 76.89%
MR3.4 71.43% 76.69% 46.15% 76.93%

Table 4
MCC values of four PLMs with all MRs and Source.

XLNet XLM-Roberta GPT1 T5

SRC 78.55% 78.86% 20.27% 79.22%

MRG1

MR1.1 78.30% 78.63% 20.27% 79.09%
MR1.2 78.28% 78.63% 20.27% 79.09%
MR1.3 78.27% 78.63% 20.27% 79.09%
MR1.4 78.13% 78.63% 20.27% 79.09%
MR1.5 78.17% 78.63% 20.27% 79.09%

MRG2
MR2.1 78.58% 78.87% 20.28% 79.24%
MR2.2 78.55% 78.90% 20.32% 79.27%
MR2.3 78.56% 78.90% 20.32% 79.27%
MR2.4 78.56% 78.89% 20.32% 79.29%

MRG3
MR3.1 61.22% 67.01% 20.27% 68.95%
MR3.2 58.70% 65.14% 20.27% 67.60%
MR3.3 58.56% 65.25% 20.27% 67.79%
MR3.4 58.51% 65.30% 20.27% 67.85%

Table 5
Four extra MRs related to uppercase conversion.

MR group (MRG) Descriptions

Extra MRG3:
Uppercase
conversion

MR3.5 — Convert 10% texts to uppercase
MR3.6 — Convert 37.5% texts to uppercase
MR3.7 — Convert 62.5% texts to uppercase
MR3.8 — Convert 87.5% texts to uppercase

As GPT1 considers all MRs in MRG1 to be semantic equivalent, any
ase that violates any MRs of MRG1 can reveal a fault in the model.
herefore, this result can be interpreted as ‘‘duplicating the content of

the title from one time to six times’’ is the non-violation region. In other
ords, if GPT1 finds Stack Overflow questions with duplicated content

of the title (one time to six times) semantically different, this can be
interpreted as a fault in the model without testing. As this region can
determine whether the question is violated without testing (Ying et al.,
2022), this region can support simulation metamorphic testing.

Answering RQ1 and RQ2: MRG1 can validate GPT1 in content
quality classification on Stack Overflow problems. In addition, as GPT1
did not violate the whole range of MRs in MRG1, this result can
reate a non-violation region and prove that MRs of MRG1 can support
imulation metamorphic testing for GPT1.

4.2. Zero violation with MRG3

Table 2 shows GPT1 has zero RR with all MRs of MRG3. We
urther tested GPT1 with another set of extra MRs related to uppercase
onversion (Table 5).

GPT1 also achieved zero violations with the four extra MRs related
to MRG3 (Table 6). Results show that GPT1 considered all MRs in
MRG3 to be semantically equivalent, even though GPT1 is not an
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Table 6
RR values of GPT1 with extra MRs related to upper-
case conversion.

GPT1

MR3.5 0.00%
MR3.6 0.00%
MR3.7 0.00%
MR3.8 0.00%

uncased version. Thus, MRG3 can be used as a validation tool for the
content quality classification on Stack Overflow problems using GPT1.

GPT1 finds all MRs, including extra MRs, in MRG3 to be seman-
tically equivalent, the results indicate no violation from 0% to 100%
uppercase conversion. Any case that violated any MRs of MRG3 can
reveal a fault in the model. Therefore, this result can be interpreted
as ‘‘uppercase conversion from 0% to 100% of all texts’’ is the non-
violation region. In other words, if GPT1 finds Stack Overflow questions
semantically different between uppercase and lowercase format, this
can be interpreted as a fault in the model without testing. As this region
can determine whether the question is violated without testing (Ying
t al., 2022), this region can support simulation metamorphic testing.

Answering RQ1 and RQ2: MRG3 can validate GPT1 in the content
quality classification on Stack Overflow problems. In addition, as GPT1
did not violate any MR in MRG3, these results create a non-violation re-
ion and prove that MRs of MRG3 can support simulation metamorphic

testing for GPT1.

4.3. Further analysis

GPT1 performance. Although GPT1 achieves zero violation with
MRG1 and MRG3, Tables 3 and 4 show that the ACCs and MCCs of
GPT1 are the lowest in the study. It is argued that the uni-directional
model, which is GPT1, could be less useful than bi-directional models,
such as XLM-Roberta, in making inferences at the sentence level or in
learning common sense (Devlin et al., 2018; Zhou et al., 2020a). It is
because uni-directional model, such as GPT1, uses a left-to-right archi-
tecture, where every token can only attend to its left context, whereas
a bidirectional model incorporates context from both directions (Devlin
et al., 2018; Zhou et al., 2020a). It can be explained by GPT1’s worse
erformance in RR with MRG2 than with MRG1 and MRG3. MRG1
uplicates the content of the title, and MRG3 changes the case format
f the texts; those MRs do not alter the left and right positions of texts

in the contexts. On the other hand, MRG2 is expanding abbreviations
in the title and body texts to their full forms, and these changes have
a more significant impact on the position of texts in the contexts.

For example, GPT1 might find ‘‘I don’t eat and don’t drink’’ and
‘I do not eat and do not drink’’ semantically different as based on the
left-to-right architecture, tokens ‘‘eat’’ and ‘‘drink’’ might be interpreted
ifferently as the number of left tokens is changed. On the other hand,

‘I don’t eat’’ and ‘‘I DON’T EAT’’ or ‘‘I don’t eat’’ and ‘‘I don’t eat I don’t
at’’, tokens ‘‘eat’’ and ‘‘drink’’ might not be interpreted differently as
he changes on the left have a less significant impact on the position of
exts in the contexts.

Therefore, it is essential to understand the associated PLMs before
electing appropriate semantic-preserving MRGs for validation and sim-
lation metamorphic testing. This study demonstrates that MRs, which
lter the position of texts in the contexts while preserving their seman-
ic meaning, can impact the stability of the performance of GPT1 and
ther uni-directional models. This makes the abbreviation replacement
ype of MR (MRG2) unsuitable as a validation tool for uni-directional
odels.

Non-zero violation. Three PLMs violated all MRs of MRG1, all
PLMs violated all MRs of MRG2, and three PLMs violated all MRs of

RG3 (Table 2). MRs are supposed to be semantic-preserving; however,
he results show that most PLMs do not comply and re-label the data,
 u

6

which indicates that PLMs considered the follow-up cases to be not
semantically equivalent to source cases.

Firstly, Tables 2–4 show that XLNet, XLM-Roberta and T5’s RRs of
all MRs of MRG3 are over 17.85%, and their ACCs and MCCs of follow-
up outputs are lower than the ACCs and MCCs of source outputs. It can
be explained that these three PLMs are case-sensitive. Thus, uppercase
conversion is not a suitable validation tool for XLNet, XLM-Roberta and
T5.

Secondly, the average RR of MRG1 and MRG2 are less than 1%,
and MRG2 has the lowest average RR in the study. However, no PLM
achieved zero violation in MRG2. We reviewed the classification report
of all PLMs and located the re-label cases with MRG2 of all PLMs.
We further investigated those violated cases and found that all the
abbreviation replacements took place in the title text or the first line of
the body text. In other words, the position of abbreviation replacement
in the context can affect the prediction of PLMs, which agrees with
Browning and LeCun (2023) that PLMs use the statistical likelihood of
words and patterns to disambiguate the sentence without the need to
know the semantic content of the sentences.

These results also agree with Zhou et al. (2020a) that the common
sense knowledge of PLMs remains at a surface level instead of deep
emantic comprehension, and models are still behind human-level com-
on sense reasoning. As all MRs in this study are semantic-preserving,

it is not logical to find contexts semantically different due to the case
ormat, the position of abbreviation replacements or the number of
uplications of the title texts. Even though all the PLMs in this study
ad already trained with a training dataset containing 45,000 Stack
verflow questions with quality ratings, the levels of common sense
nowledge of PLMs might not be improved due to the limitations of
LMs’ capacities (Zhou et al., 2020a).

Thirdly, the results show that PLMs use statistical patterns to dis-
mbiguate the sentence, so studying those statistical patterns and ex-
loring informative statistical features could be an alternative method
o improve the performance of PLMs. Li et al. (2021) demonstrated the
otential of incorporating highly informative statistical features, such
s word frequency on labels, into PLMs to significantly enhance their
erformances. Thus, further research is necessary to explore different
nformative statistical features on different labels and turn them into

effective representations to enhance the performance of PLMs.
Therefore, the semantic comprehension and common sense knowl-

edge of PLMs remains at the surface level, so most of the PLMs in
the study cannot achieve zero violation with the proposed semantic-
preserving MRs. Further investigations on how to improve the levels
of semantic comprehension and common sense knowledge of PLMs,
as well as how to explore different informative statistical features and
turn them into effective representations, are required to improve their
performances.

5. Threats to validity

This section discusses the threats to validity that are faced by this
tudy.

5.1. Internal validity

Internal validity refers to the degree of confidence to which the
causal relationship studied in research is independent of other factors,
so the correctness of the experimental environment is significant for
internal validity. One internal threat to the experiment is parameter
configuration, as different input parameters can cause result variations.
Standard parameters were applied to all PLMs, and we built PLMs with
the pretrained models provided by the machine learning community
‘‘Hugging Face’’ and the libraries of ‘‘Python’’. We also used Microsoft
Excel to create the ‘‘Follow-up’’ testing datasets. These tools and tech-
ologies should be considered reliable since they have been widely

sed. White-box testing has also been conducted so the source codes
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are error-free. Another concern is the measurements of this study. We
ocused on the relationship between MRs and measurements, and the
rediction outcomes of all PLMs were listed and checked to ensure that
he measurements mentioned in Section 3.6 were calculated accurately.

5.2. External validity

External validity refers to how well the outcome of a study can be
expected to apply to other settings, which means how generalizable the
findings are. One external threat is the generality of our approach. This
study uses semantic-preserving MRs, which are generic and applicable
to any experiment using the English language, so the potential threat
to the external validity of this study is low. This study chose the ‘‘Stack
Overflow Questions with Quality Rating’’ dataset of Kaggle, which has
60,000 data, and four different PLMs were employed to run trials
with thirteen MRs. Thus, this study had four sets of source outputs
and fifty-two sets of follow-up outputs for comparison. We believe the
results should be generalized. At last, although the datasets we used
or experiment assessment may vary case by case, the subject PLMs
ere assessed and evaluated by MT, which is a widely used and general
pproach. Thus, we argue that the dataset’s effect on our approach’s
ffectiveness should be small.

5.3. Construct validity

Construct validity concerns the extent to which the test or measure
accurately assesses what it is supposed to. The independent variables
of this study are prediction outcomes of the ‘‘Source’’ and ‘‘Follow-
up’’ testing datasets of four different PLMs, which were trained by
the same training dataset. The dependent variable is the differences
between the independent variables, which are the differences between
the prediction outcomes of ‘‘Source’’ and ‘‘Follow-up’’ testing datasets
of PLMs, the RR. As this study focuses on validating PLMs, RR could
show the violations. Suppose there is no violation between source
prediction outcomes and follow-up prediction outcomes, which means
no inconsistent prediction between them. In that case, RR is zero, and
he associated PLM is insensitive to the related MR, deeming the MR

suitable for validation. Conversely, violating the MR could reveal an
rror in PLM because the related PLM should be insensitive to the MR.
hat can correctly measure the intent of this study. To sum up, the

construct validity of the independent variables and dependent variables
of this study should be acceptable.

6. Conclusion and future direction

PLMs have been leveraged to enhance and maintain the content
quality of Q&A websites; however, evaluating PLMs is a test oracle
problem. This study proposed using MT to alleviate the test oracle
problem, and three MRGs containing thirteen semantic-preserving MRs,
which revolve around the concept of symmetry, were defined. We
experimented with the proposed MRGs and four PLMs on the content
quality classification of the Stack Overflow Q&A test scenario.

In conclusion, this study proved that the proposed MRs serve as
effective validation tools for the content quality classification on Stack
Overflow Q&A using PLMs. GPT1 did not violate MRG1 and MRG3.
Additionally, the zero violations in the ranges of MRs in MRG1 and

RG3 highlighted the presence of non-violation regions, proving that
he proposed MRs can support simulation metamorphic testing. There-
ore, if the Stack Overflow question fails in the non-violation region
nd the non-violation PLM finds the question semantically different,
his can be interpreted as a fault in the PLM without testing.

Despite GPT1 did not violate two MRGs, its performance in ACC
nd MCC rank the lowest in this study. It can be explained by the uni-
irectional structure of GPT1 (Devlin et al., 2018; Zhou et al., 2020a),

so GPT1 only has no violation with those MRs do not alter the position
f texts in the contexts.
 t

7

Furthermore, most PLMs cannot achieve zero violations in this
study. It can be explained by PLMs that they might use the statistical
likelihood of words and patterns, instead of semantic understanding,
to perform language tasks (Browning and LeCun, 2023). The common
sense knowledge of PLMs remains at a surface level instead of deep
emantic comprehension, which makes models behind human-level

common sense reasoning (Zhou et al., 2020a). Despite training all PLMs
in this study with a training dataset containing 45,000 Stack Overflow
questions with quality ratings, the training did not notably improve the
evel of common sense of PLMs (Zhou et al., 2020a). Further investi-
ations on improving levels of semantic comprehension and common
ense knowledge of PLMs, as well as to explore informative statistical
eatures and transform them into effective representations, are required
o improve their performances.

6.1. Future direction

Some aspects could extend this research. Firstly, subsequent studies
might replicate the experiment of this study on different domains, such
s Q&A websites using different languages or by employing more so-
histicated generative pretrained large language models, such as Chat-
PT4, Meta Llama, Gemini or Mistral. Secondly, future research could

nvestigate diverse MRs that can evaluate the common sense knowledge
nd semantic comprehension abilities of pretrained models. Thirdly,
ore studies are needed to explore finding non-violation regions in
ifferent domains to support simulation metamorphic testing. Fourthly,
nother valuable research focus is exploring highly informative sta-
istical features as additional information to PLMs and experimenting
ith the proposed MRs or different MRs. This investigation could assist

n better understanding PLMs’ performances and discovering more
uitable MRs for PLMs’ validation tools.

6.2. Limitation

This study only experimented on a three-labelled classification prob-
em, which might lead to a high percentage of mapping. Additionally,
ue to the constraints on computational resources, this study was con-
ucted using the basic versioned PLMs that utilize a minimal number
f parameters.
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