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Abstract—Question-Answering (Q&A) educational websites
are widely used as self-learning platforms, and pre-trained large
language models (LLMs) play a crucial role in maintaining
content quality. Despite their usefulness, LL.Ms still fall short of
human performance. To tackle this issue, we propose leveraging
symmetric Metamorphic Relations (MRs) to enhance LLMs’
performance by improving their machine common sense. The
goal is to ensure that learners receive more relevant content.
This work presents an empirical experiment using one specific
symmetric MR, three LLMs, and a publicly available dataset of
labelled Stack Overflow data. We employ the symmetric MR to
generate training data that augments the machine common
sense of LLMs. Additionally, we prepare a separate set of
training data consisting of labelled Stack Overflow data for
comparison purposes. By comparing the results of a common
ability test and the predictions made by LLMs trained with
different training datasets, we can assess the potential
practicality of our proposed approach. Our experimental results
demonstrate that a Bert-based LLM trained with MR-generated
data outperforms a Bert-based LLM trained solely with regular
labelled data. This outcome highlights the effectiveness of
symmetric MRs in enhancing LLMs’ performance by
improving their machine common sense. Subsequent studies can
extend our approach to other domains related to education
technology and explore additional MRs to further enhance the
study experience of students.

Keywords— Content quality prediction, large language model,
question-answering (Q&A) website, metamorphic relations,
machine common sense, natural language processing data
augmentation.

1. INTRODUCTION

Question-Answering (Q&A) educational websites have
gained widespread popularity as self-learning platforms,
providing users with guidelines and expert answers for
effective learning [1]. Ensuring high content quality on these
platforms is crucial, and multiple studies showed that large
language models (LLMs) have been employed to maintain
content quality across various Q&A websites [1-6]. However,
the performance of LLMs has revealed limitations in deep
semantic comprehension and human-level common sense,
often relying on statistical likelihood and patterns for sentence
understanding tasks [7, 8].

This paper aims to address these limitations by exploring
the use of symmetric metamorphic relations (MRs) to enhance
LLM performance in content quality classification,
specifically by improving their machine common sense. We
propose a specific symmetric MR and conduct experiments on
three different LLMs to demonstrate the practicality of our
approach. The symmetric MR generates a training dataset that
incorporates common sense by replacing abbreviations with
their full forms, aiming to preserve the semantic meaning of
sentences and prediction results. We train the LLMs using
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different datasets to create distinct groups for comparison.
These LLMs then make predictions on various testing datasets
to evaluate their levels of machine common sense and
performance. The results demonstrate that training LLMs with
symmetric MR-generated data can significantly improve the
machine common sense level and performance of Bert-based
LLMs in the content quality classification of Stack Overflow
questions compared to regular training data solely.

Additionally, the symmetric MR can be employed as a
formally derived natural language processing data
augmentation (NLPDA) technique to create reliable training
or testing datasets. Future studies can expand on our approach
by extending it to other domains related to education
technology and exploring additional MRs to enhance machine
common sense and further improve the performance of Bert-
based LLMs.

The remainder of this paper is structured as follows:
Section 2 provides background information on Q&A
websites, LLMs, machine common sense, MR, and NLPDA.
Section 3 presents an overview of the evaluation
methodology, including the proposed MR, experiment design,
and implementation process. The results are discussed in
Section 4. Finally, we conclude and discuss future research
directions in Section 5.

II. BACKGROUND

A. Question-Answering (Q&A) websites

Q&A websites play a significant role as self-learning
platforms, offering a wide range of user-generated content that
spans from basic guidelines to advanced and expert-level
answers. These platforms, such as Quora and Stack Overflow,
have become immensely popular, particularly in the realm of
software-related queries [1, 5, 9]. Maintaining high-quality
content on Q&A websites is essential to ensure a positive user
experience and encourage active participation from experts in
providing valuable answers [1].

B. Large language model (LLM)

LLMs have been widely utilized to uphold content quality
on various Q&A websites, including medical sites and Stack
Overflow platforms [1-6]. While the performance of LLMs in
this context is generally satisfactory, it falls short of matching
human performance. As a result, human reviews and
evaluations remain necessary to ensure the safe utilization of
LLMs [4, 5, 10]. In addition, LLMs’ performances showed
that they do not possess deep semantic comprehension or
human-level common sense, and only use the statistical
likelihood of words and patterns to handle the sentence
comprehension tasks [7, 8]. Thus, there is still a gap for LLM
to reach robust human-level common sense reasoning [7].
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C. Machine common sense and natural language
processing data augmentation (NLPDA)

Improving machine common sense can be achieved by
either learning from experience or the Web [11]. Learning
from experience is similar to learning from data, and
theoretically, more training data can improve the performance
of machine learning models. Data augmentation is a widely
used approach for increasing training data, even in a data
scarcity situation [12-14]. However, studies found that
NLPDA approaches are mostly derived from heuristics
instead of formal or theoretically based approaches [12-14].
Thus, creating a training dataset for machine common sense
by NLPDA is an oracle problem because it is difficult to
distinguish the correct approach from the potentially incorrect
approach [15, 16], and the training data might not be
trustworthy if they are not formally or theoretical-based
derived.

D. Metamorphic relations (MRs)

MRs of metamorphic testing (MT) have long been used
for test oracle problems of different domains [17-27]. MT
addresses the test oracle problem by examining the expected
relationships between input-output pairs in consecutive
executions of the systems [28]. These “expected”
relationships are expressed as MRs, and if the output results
in various software executions violate an MR, then a fault is
revealed [20, 27]. [20] further utilized the concept of MRs and
symmetry to define metamorphic relation patterns (MRPs)
that can derive multiple MRs, whereas [27] presented a list of
MRPs for identifying multiple MRs in testing query-based
systems.

This paper attempts to follow [20]’s study and base the
concept of symmetry on formally derived MRs as a formally
derived NLPDA approach for creating machine common
sense training datasets. It demonstrates the practicality of this
approach in answering the research question, “Can symmetry
MR enhance the performance of LLMs through enhancing
their machine common sense?” with a comprehensive scaled
experiment.

III. METHODOLOGY

A. Scenario

Inspired by [1], this study focuses on enhancing the
performance of a currently operating LLM specifically
designed for content quality classification on the Stack
Overflow Q&A website. Our objective is to augment the
capabilities of the LLM by training it with symmetric MR-
generated data, with the aim of improving its performance
through the enhancement of its machine common sense. By
incorporating the principles of symmetric MRs, we seek to
address the limitations of the LLM and elevate its ability to
effectively classify and maintain the quality of content on the
Stack Overflow platform.

B. Proposed metamorphic relation (MR)

In this study, we devised a specific symmetric MR inspired
by the work of [20] and centered around the concept of
symmetry, which posits that predictions should remain
unaffected when the semantic meanings of sentences remain
the same. By leveraging this symmetric MR, we aimed to

generate a training dataset that would enhance the machine
common sense of the LLM by incorporating patterns
associated with common sense reasoning.

Specifically, our proposed symmetric MR, denoted as
MR1, assumes that the semantic meaning of a sentence
remains unchanged even when all abbreviations within the
content are replaced with their corresponding full forms. For
instance, the sentences “I don’t eat” and “I do not eat” are
expected to convey the same meaning to the LLMs. This
metamorphic relation primarily focuses on replacing
contractions containing “n’t” with their expanded forms, such
as substituting “n’t” with “not”.

C. Measurements

This experiment uses the common ability test created by
[7] to evaluate the level of machine common sense and
robustness of LLMs. We selected three token-level common
sense ability tests (CSAT), and they are “Sense Making” (sm),
“Winograd Schema Challenge” (wsc), and “Conjunction
Acceptability” (ca). We also selected one sentence-level
CSAT, which is “Argument Reasoning Comprehension Task”
(arctl). Four robust tests (RT) are chosen, and they are “add”,
“del”, “sub”, and “swap” [7]. All the test instances are created
by replacing either pronouns, verbs, adjectives, conjunction
words or keywords to create dual pairs of statements with
labels for models to predict. The scores are calculated by the
number of correct predictions the model makes [7].

We also employ the prediction accuracy rate (ACC) and
Matthew correlation coefficient (MCC) [29]. These
measurements can show the prediction accuracy. Let 7, be
true positives that are the actual positives and correctly
predicted, T, be true negatives that are the actual negatives and
correctly predicted, F, be false positives that are the actual
negatives and wrongly predicted as positives, and F), be false
negatives are the actual positives and wrongly predicted
negatives. ACC is calculated as Equation (1), and MCC is
calculated as Equation (2).

ACC= (T, + T,)/(T, + T,+F, +F,) (1)
T xT, - F,xF,
MCC= @ P Fa) Q)
JT < (T )X (Tt Fy)<(T, )
D. Dataset

This study uses a publicly available dataset from Kaggle'
created to study the content quality classification of Stack
Overflow questions [1]. The dataset contains 60000 Stack
Overflow questions in English and serves the intent of this
study. Questions are classified into three labels. They are
“High-quality posts without a single edit” (HQ), “Low-quality
posts with a negative score, and multiple community edits.
However, they still remain open after those changes”
(LQ_EDIT), and “Low-quality posts that were closed by the
community without a single edit” (LQ_CLOSE).

45000 labelled Stack Overflow questions are used as the
“training dataset”. We then separate the rest of the 15000
labelled data into two datasets. The first 5000 labelled data

! Dataset is downloaded on 23/09/2023 from

https://www .kaggle.com/datasets/imoore/60k-stack-overflow-
questionswith-quality-rate

the link
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becomes the “extra training dataset” (5K-EX), and the second
10000 labelled data becomes this study’s “testing dataset”
(10Ktest). At last, we apply symmetric MR, as the NLPDA,
into the “training dataset” to create a “common sense training
dataset” containing 5000 labelled data (5K-CS)2 (Fig. 1). All
datasets are cleansed and set to lowercase before training and
testing.

5000 CS
60000 ,1‘45.00.0 apply MR1 | training
labelled raining " data
data data (5K-CS)
break 5000 extra
down training data
(5K-EX)
10000 testing
data
(10Ktest)

Fig. 1. TIllustration of dataset creations.

E. Subject large language model

Three different LLMs are chosen from the machine
learning community “HuggingFace” 3. BERT is a bi-
directional LLM that makes semantic understanding “from the
raw text by jointly conditioning on both left and right context
in all layers” [30, 31]. TS is an encoder-decoder transfer
learning model for natural language processing that converts
every language problem into a text-to-text format [32, 33].
GPT1 is an uni-directional language model, and it is the first
generative pre-training transformer-based language model
created and released by the technology company “OpenAl”,
and it uses language modelling on a large corpus with the
ability to process long-range dependencies [34, 35].

F. Setup

This experiment environment included using “Intel Core”
i7 CPU with 64 GB RAM, “Windows 10” operating systems,
“Jupyter Notebook” development platform and “Python”
programming language and related libraries, such as
“Pytorch”, “transformers”, “tensorflow”, “scikit learn”, for
machine learning algorithms. Standard parameters are applied
to all subject LLMs, and the rest of the options are set to
default values.

G. Implementation

Our experiment includes five steps: Step 1 - We train the
subject LLMs with a 45000 training dataset to create Group 1
(G1) as the currently operating LLMs. Step 2 - We train
LLMs(G1) with 5K-EX to create Group 2 (G2). Step 3 - We
train LLMs(G1) with 5K-CS to create Group 3 (G3) (Fig. 2).
Step 4 - LLMs(G1), LLMs(G2) and LLMs(G3) make
predictions on 10Ktest and common ability testing datasets.
Step 5 - We compare and analyse all the outputs from Step 4
to evaluate whether there is any improvement (Fig. 3).

LLMs

=

LLMs (G1)

45000
Training
data

train with

train with

=

LLMs (G2)

SK-EX S5K-CS

=

LLMs (G3)

h, A

Fig. 2. Tllustration of Step 1 to Step 3.

LLMs LLMs LLMs
(G1) (G2) (G3)

—
(| 10Ktest
<=

predict with
CAT

testing
data

h 4

Compare and analyse
results

Fig. 3. Tllustration of Step 4 to Step 5.

IV. DISCUSSION

A. Machine common sense and performance

The results of our study indicate that the proposed
approach is most effective when applied to Bert-based LLMs,
as demonstrated in Table I*. Specifically, Bert(G3) exhibited
superior accuracy (ACC) and Matthews correlation
coefficient (MCC) compared to Bert(G2). These findings
suggest that Bert-based LLMs can benefit significantly from
the integration of symmetric MR-generated data, surpassing
the performance achieved with regular data alone. In contrast,
GPT1-based and T5-based LLMs did not exhibit any
improvement in ACC and MCC when subjected to the
proposed approach. Notably, GPT1(G1), GPT1(G2), and
GPT1(G3) demonstrated identical results in terms of content
quality classification accuracy, MCC, CSAT, and RT.
Consequently, it is evident that this approach does not yield
meaningful enhancements for GPTI-based and T5-based

2 This study created 5000 common sense training data to match the size of
the extra training dataset, in order to reduce the influence of size differences
in training datasets. In addition, this study did not replace “ain’t”, “men’t”,
“differn’t”, “itn’t”, and “Cullen’t” because it is hard to identify the true
meaning of those words, and they only related to seven changes out of 45000

data.
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3 Hugging Face website is https://huggingface.co/
4 Due to page limitation, we omit showing the results of GPT1 in Table I
because they are all identical.
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LLMs. Therefore, based on the study’s findings, it is clear that
the proposed approach is most suitable for enhancing Bert-
based LLMs, while it does not provide significant
improvements for GPT1-based and T5-based LLMs.

ELIN13

Table I also shows that “sm”, “wsc”, and “arct]l” results
are positively related to ACC and MCC, especially “sm” but
not “ca”. This can be explained by the fact that LLMs are
focusing on the content quality classification of stack
overflow questions, so LLMs are required to understand the
content of the stack overflow question to make a judgement.
“sm”, “wsc” and “arctl” are tests that change the pronouns or
nouns of sentences, whereas “ca” changes the conjunction
words, which might not be significant enough for content
quality classification of stack overflow questions. Thus,
enhancing machine common sense that related to “sm”,
“wsc”, and “arctl” tests can improve LLMs’ performance in
classifying the content quality of stack overflow questions.

However, the RT results are not positively related to ACC
and MCC. Table I shows that despite T5(G3) having better RT
results than the other two T5-based LLMs, it has worse ACC
and MCC. Similar to Bert(G3) having worse RT results than
the other two Bert-based LLMs, it has better prediction results.
These RT results are similar to [7] as the subject LLMs might
be confused with the modifications in RT; thus, enhancing the
robustness related to RT cannot improve the performance in
classifying the content quality of stack overflow questions.

TABLE 1. RESULTS OF THE EXPERIMENT.
Bert (G1)[Bert (G2)[Bert (G3)| T5 (G1) | T5 (G2) | T5 (G3)
ACC| 0.8696 | 0.8525 | 0.8580 | 0.8672 | 0.8649 | 0.8508
IMCC| 0.8040 | 0.7873 | 0.7920 | 0.8008 | 0.7997 | 0.7851
sm | 0.5242 | 0.5168 | 0.5136 | 0.4885 | 0.4832 | 0.4832
£ | wse | 04947 | 0.5053 | 05088 | 04982 | 04947 | 0.4947
O | ca | 05628 | 05738 | 0.5464 | 0.5683 | 0.5738 | 05574
arctl| 0.4932 | 0.4910 | 0.4955 | 0.4707 | 0.4662 | 0.4685
add | 0.1630 | 0.1413 | 0.1304 | 0.2826 | 0.2935 | 0.2935
o | del | 02561 | 02439 | 02195 | 0.3171 | 03049 | 0.3902
% Tsub | 01733 | 02267 | 02000 | 02000 | 0.1733 | 0.1867
swap| 0.3514 | 0.4054 | 03514 | 0.4459 | 0.4459 | 0.4054

B. Further Analysis

The analysis of the results suggests that Bert-based LLMs
can effectively utilize symmetric MR-generated training
datasets for enhancing their machine common sense and
performance. This approach becomes particularly valuable
when acquiring additional training data is challenging.
Furthermore, employing symmetric MR as a formally derived
NLPDA approach, which is based on the concept of
symmetry, allows for the creation of trustworthy training and
testing datasets.

While BERT(G1) demonstrates the best ACC and MCC
results, it aligns with previous research [7] indicating that
simply increasing the amount of data may not necessarily lead
to improved performance. It is important to note that this study
focused on employing a single symmetric MR to enhance
machine common sense, and the MR-generated training data
proved more effective in improving the performance of Bert-
based LLMs compared to regular training data. These findings
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provide guidance for future research in the creation of
metamorphic relations (MRs) to enhance the machine
common sense and performance of Bert-based LLMs.
Ultimately, a standardized set of machine common sense MRs
can be developed to incorporate various machine common
sense patterns into different LLMs to bridge the gap between
machines and humans regarding common sense reasoning.

V. CONCLUSION

Q&A websites serve as popular self-learning platforms,
and the performance of LLMs is crucial in maintaining content
quality on these online education platforms. This study has
demonstrated that utilizing symmetric MRs to generate
training data can significantly enhance the performance of
Bert-based LLMs in the content quality classification of Stack
Overflow questions and improve their machine common
sense, surpassing the performance achieved with regular
training data alone. Therefore, symmetric MRs have proven to
be effective in enhancing LLMs’ performance by improving
their machine common sense.

Moreover, the application of symmetric MRs as a formally
derived NLPDA approach can provide trustworthy training or
testing datasets based on the concept of symmetry. This
finding opens up possibilities for utilizing symmetric MRs in
other education technology domains to improve machine
common sense and enhance the performance of Bert-based
LLMs, supporting contents needed for students.

To further advance the field, future studies can expand
upon our approach by exploring different MRs and extending
it to various domains. By continuing to enhance machine
common sense and LLM performance, we can foster
improved automated content quality and provide enhanced
learning experiences for users. This work highlights the
potential of symmetric MRs in enhancing LLMs and
demonstrates their effectiveness in improving machine
common sense in technology education. By leveraging these
techniques, we can pave the way for advancements in the
performance and reliability of LLMs, benefiting students in
various educational and self-learning contexts, and develop a
standardized set of machine common sense MRs to bridge the
gap between machines and humans regarding common sense
reasoning.
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