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Abstract
Large language models (LLMs) hold significant potential to enhance online learning by automating responses
to learner queries and offering personalized, scalable support. However, concerns about bias in LLM-generated
responses present challenges to their ethical and equitable use in educational settings. This study explores
fairness and explainability in LLM-generated replies within online discussion forums. Specifically, we fine-tuned
three state-of-the-art LLMs (GPT-2, Gemma, and LLaMA) using both the original MOOC Posts dataset and a
counterfactual version. We then analyzed the sentiment patterns of LLM-generated replies and compared them with
human-generated responses. To quantify potential sentiment bias, we introduce absolute distributional sentiment
divergence (ADSD) to measure disparities across sensitive attributes, with gender used as a case study. To
mitigate bias and enhance transparency, we employed counterfactual fine-tuning by incorporating both factual and
counterfactual data, and we used TIGERSCORE, a reference-free explainability metric, to assess response quality.
Our findings reveal that LLM-generated responses are generally more neutral than human replies but exhibit varying
degrees of sentiment bias across gender. Notably, counterfactual fine-tuning shows promise in reducing this bias,
resulting in more balanced sentiment distributions. Additionally, explainability analysis indicates that while newer
models (Gemma and LLaMA) outperform GPT-2 in response quality, gaps in accuracy and comprehension remain.
This study advances the understanding of bias mitigation and fairness evaluation in LLM-generated educational
support, contributing to the development of more equitable, transparent, and responsible AI-driven tools for online
learning environments.

Notes for Practice

• Large language models (LLMs) generate automated responses in online learning forums that differ in
sentiment from human replies, often appearing more neutral.

• We propose absolute distributional sentiment divergence (ADSD), a novel metric to evaluate and reduce
sentiment bias across sensitive attributes such as gender.

• Counterfactual fine-tuning combining original and counterfactual data effectively reduces sentiment bias in
LLM-generated responses.

• Using TIGERSCORE, a reference-free explainability metric, we find that Gemma and LLaMA produce higher-
quality responses than GPT-2, though accuracy and comprehension challenges persist.
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1. Introduction
Online learning has become a vital component of contemporary higher education, with online discussion forums serving
as crucial pedagogical and social platforms within these learning environments. Asynchronous discussion forums are one
of the most common forms and are typically used to promote deep learning, collaborative learning, and the recording and
assessment of student progress (Hew & Cheung, 2012). Despite the recognized importance of interactions within online learning
communities (Abrami et al., 2011), online forums frequently suffer from low student engagement (Hew & Cheung, 2012;
Dumford & Miller, 2018). This lack of participation is primarily attributed to students’ expectations of non-responsiveness,
limited feedback, and the perceived irrelevance of discussion topics. These factors collectively reduce students’ motivation to
engage. Consequently, low engagement not only prevents students from benefiting from these valuable social settings but also
contributes to higher dropout rates (Tang et al., 2018; Xing & Du, 2019).

Recent advancements in large language models (LLMs) have presented potential solutions for addressing these challenges
in educational settings (Baidoo-Anu & Ansah, 2023; Song et al., 2024; Hwang & Chen, 2023). Researchers have explored
various ways to use LLMs to support online learning discussions, such as extracting and visualizing key concepts and their
relationships from discussion threads (Wong et al., 2021) and generating summaries of lengthy conversations (Gottipati et al.,
2019; Almatrafi & Johri, 2022). Among these approaches, the automatic text generation capabilities of LLMs offer unique
advantages by providing timely, personalized responses and immediate feedback (H. Li et al., 2024; Naseer et al., 2024;
Q. Wang et al., 2022). Large online learning forums, especially in MOOCs, often contain thousands of posts, making it difficult
for instructors to respond to every query. LLMs can manage a large volume of interactions, ensuring timely responses for
more students. Their ability to operate 24/7 also provides continuous support, especially during hours when instructors are
unavailable (Yan et al., 2024; Parmar et al., 2023). For example, automated question-answering systems can identify common
content-related queries and generate appropriate responses. This enhances the online learning experience by offering more
personalized, meaningful, and engaging educational support (Zylich et al., 2020; Sahay et al., 2019).

From a theoretical perspective, social support theory emphasizes the importance of providing emotional support, informa-
tional support, and companionship to help individuals cope with stress and challenges (Shumaker & Brownell, 1984; Langford
et al., 1997; Thoits, 1986). Researchers have found that socio-emotional interactions play a vital role in fostering student
engagement in online discussions (Rovai, 2007). However, despite the growing use of LLMs in educational settings, limited
research has explored their potential to support the emotional dimension of such interactions. While many studies have used
sentiment analysis to identify students who may be struggling or feeling disengaged in online environments (L. Li et al., 2022;
Hew et al., 2020; Du & Xing, 2023; Onan, 2021), most focus on detecting and classifying student posts, reviews, or comments
rather than exploring how LLMs can actively provide socio-emotional support during interactions. To the best of our knowledge,
only two studies have manually evaluated LLM-generated responses in online discussions and concluded that AI-generated
texts can offer a certain degree of emotional support (Du et al., 2023; C. Li & Xing, 2021). However, there remains a lack
of quantitative analysis of the sentiment patterns exhibited in these responses. To effectively utilize LLMs in supporting
socio-emotional interactions, it is crucial to understand the sentiment patterns in their generated responses. Moreover, with the
rapid development of powerful LLMs, new opportunities are emerging to leverage these models in online learning contexts.
Yet, few studies have fully explored or taken advantage of these technological advancements. Thus, the potential of LLMs to
provide emotional support in online discussion forums warrants further investigation.

Despite LLMs’ advanced capabilities and potential benefits for online learning environments, they also present challenges
and limitations when applied in educational settings. For example, LLMs rely on training data, and if that data contains
bias, it can unintentionally introduce bias into the model’s generated outputs (C. Li et al., 2022). With estimates suggesting
that 5% to 30% of online discourse displays bias, varying by domain, such biases can substantially affect the behaviour of
data-driven LLMs (Cercas Curry & Rieser, 2018; Nobata et al., 2016). Although human bias in online posts is an inherent part
of interaction and may even enrich learning experiences (Dickson-Deane & Chen, 2018), algorithmic bias is less visible and
may unintentionally reinforce harmful stereotypes, potentially hindering the learning experience for certain groups of students
(Kizilcec & Lee, 2022; Memarian & Doleck, 2023). For instance, if one gender is more frequently associated with negative
emotions toward learning math in the training data, LLM-generated outputs may reflect this bias, resulting in unequal emotional
tone or support across genders in math-related contexts. These issues render LLMs unsuitable for universal application without
considerable modifications and transparent explanations of their generated content (Xu et al., 2023; Jiang et al., 2023; Liu,
Xing, & Li, 2024), particularly in educational contexts. The use of LLMs to support online discussions has thus prompted the
need to identify and mitigate the biases introduced by these algorithms. However, ensuring the safety and fairness of online
discourse remains a significant challenge for both technical and educational researchers. This underscores the need for fair and
explainable evaluation metrics that can accurately assess the trustworthiness and educational value of LLM-generated content.

In this study, we investigate the application of state-of-the-art LLMs in online discussion forums, with the aim of providing
fair and explainable automated support for massive online learning communities. The primary objectives of this research are as
follows:
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1. to analyze the sentiment patterns exhibited in LLM-generated responses within large-scale learning environments;

2. to identify and quantify potential sentiment bias in these automated responses; and

3. to apply fair and explainable evaluation metrics to assess the generated outputs and compare the performance of
state-of-the-art models from an educational perspective.

In this context, we fine-tuned three LLMs (GPT-2, Gemma, and LLaMA3) using the MOOC Posts dataset to generate
automatic responses. Furthermore, we propose a framework for fair and explainable AI-generated support in online learning, as
illustrated in Figure 1 in Section 3. To guide this investigation, we formulated three research questions grounded in the existing
literature:

RQ1: What are the sentiment patterns of responses generated by LLMs in online discussion forums?

RQ2: Do LLMs exhibit sentiment bias when generating responses to support online learning discussions?

RQ3: How can we ensure fair and explainable support for online learners in large-scale discussion forums?

In RQ1, sentiment patterns refer to the sentiment scores and distributions present in replies generated by LLMs, as identified
by a sentiment analysis tool. To address RQ1, three LLMs (GPT-2, Gemma, and LLaMA3) were fine-tuned using the original
fine-tuning method, and experiments were conducted on the MOOC Posts dataset. During the inference stage, the fine-tuned
models generated replies to the posts, and we compared the sentiment levels of these LLM-generated replies with those
written by students. In RQ2, sentiment bias refers to the phenomenon where the sentiment of LLM-generated responses varies
unfairly based on input from different demographic groups. To address RQ2, we proposed the absolute distributional sentiment
divergence (ADSD) metric to assess sentiment fairness across LLM responses to both original1 and counterfactual post data.
Building upon RQ2, RQ3 aims to mitigate sentiment bias and enhance explainability in LLM-generated replies. To this end, the
three LLMs were fine-tuned using a counterfactual fine-tuning approach. The resulting replies were then analyzed for their
sentiment, and fairness metrics were used to compare them against responses from the original fine-tuned models. Additionally,
an explainable and reference-free metric (TIGERSCORE) was employed to assess the interpretability of the replies generated
by the counterfactual fine-tuned models, as fairness and explainability are increasingly recognized as interconnected pillars of
responsible AI in learning environments. The detailed methodology and corresponding results are presented in Section 3 and
Section 4.

2. Related Work
2.1 Theoretical Foundation
In online learning environments, emotions are a salient factor (Cleveland-Innes & Campbell, 2012), and emotional support
can significantly influence learners’ ability to cope with the challenges of remote education. Vayre and Vonthron (2017)
found that emotional support in online contexts can reduce feelings of isolation and enhance student engagement. Similarly,
Hernández-Sellés and colleagues (2019) identified emotional support within learning groups as a “fundamental pillar” of
collaborative learning. The significance of emotional support became even more pronounced during the COVID-19 pandemic.
For instance, Baltà-Salvador and colleagues (2021) highlighted a strong correlation between students’ emotions and their
connections with peers and instructors, emphasizing that effective teacher-student communication was a best practice in online
education. Together, these studies underscore the critical role of emotional support and social connection in online learning,
especially during periods of heightened stress or isolation.

The emergence of LLMs presents both opportunities and challenges in this domain. On one hand, LLMs have the potential
to provide targeted emotional support by recognizing learners’ emotional expressions and generating appropriate responses.
For instance, many researchers have applied sentiment analysis to identify students who may be struggling or disengaged in
online learning by analyzing their posts, reviews, or comments (Hew et al., 2020; Du & Xing, 2023; Onan, 2021). When a
learner expresses confusion or anxiety in a forum, LLMs can generate empathetic responses that help them feel acknowledged
and understood (Bozkurt et al., 2023).

However, the specific sentiment patterns produced by LLMs in such emotionally supportive responses remain underexplored,
even though exploring them is critical for evaluating their effectiveness in these roles. Moreover, if LLMs are not carefully
designed and trained, they may introduce or amplify biases, undermining their potential benefits. Therefore, to determine
whether LLMs can effectively offer emotional support in online discussions, it is essential to examine the sentiment patterns of
their responses and identify any embedded biases.

1Original data means data from the MOOC Posts dataset without modification by generative AI on sensitive attributes.
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2.2 Online Discussion Support
Although engaging in online learning communities offers many benefits, there are substantial challenges in maintaining
and fostering participation, especially in large-scale settings. Due to their asynchronous nature and size, supporting these
communities raises methodological questions for both researchers and practitioners, who must ensure timely and high-quality
support for community members (Hew & Cheung, 2012).

Previous studies have explored various strategies to enhance online forum discussions and improve the quality of communi-
cation. For instance, Y. Sun and Gao (2017) examined the impact of social annotation tools on student interaction in online
discussions. In addition, some exploratory research has focused on automating support for online communities. Researchers
have investigated predictive mechanisms to anticipate students’ needs and deliver timely interventions (Kim et al., 2016). Tools
such as conversational agents have also been developed to provide automated textual support, assisting learners by responding
to their questions (Tegos et al., 2015). However, these traditional methods may fall short in addressing the unique demands
of large-scale online communities, where effective discussion requires not only well-designed course structures and clear
expectations but also a strong sense of social presence (Rovai, 2007).

In recent years, attention has shifted toward using deep learning techniques, particularly LLMs, to support online discussions
more effectively. LLMs can extract and visualize key concepts and their relationships from discussion threads, helping learners
better understand discourse structures (Wong et al., 2021). They can also generate summaries of lengthy threads, allowing
students to quickly grasp key ideas without reading every post (Gottipati et al., 2019; Almatrafi & Johri, 2022). Moreover,
sentiment analysis of discussion posts can help identify students who are struggling or disengaged, creating opportunities for
timely and targeted support (Bozkurt et al., 2023), thereby fostering a respectful and responsive online learning environment.

The integration of LLMs into online discussion forums has the potential to improve the timeliness, quality, and personaliza-
tion of support. However, the specific role of LLMs in facilitating online discussions remains underexplored. The potential
benefits and limitations of these models are not yet fully understood, and the rapid evolution of LLMs presents emerging
opportunities to advance support for online learning communities.

2.3 Sentiment Bias in Text Generation
Despite LLMs’ capabilities, concerns persist regarding the inherent biases they may encode. These models are trained on
massive corpora of text drawn from the Internet, books, and other written sources, which often contain implicit and explicit
biases related to race, gender, socio-economic status, and other demographic factors (Kotek et al., 2023; Sabbaghi et al., 2023).
As a result, LLMs can internalize these patterns during training and reproduce them in downstream tasks, influencing both the
sentiment and the tone of the text they generate.

One particularly pressing concern is sentiment bias—the tendency of LLM-generated text to reflect or amplify societal
stereotypes and prejudices through emotional tone or evaluative language (Kiritchenko & Mohammad, 2018). In education,
where objectivity and fairness are central, sentiment bias may distort the intent of AI-generated feedback, potentially conveying
inappropriate or misleading emotional signals (Baker & Hawn, 2022; Khalil et al., 2023).

A growing body of research has examined how LLMs internalize societal and linguistic cues that lead to differential
sentiment treatment across user attributes such as gender, race, and nationality. For example, Sheng and colleagues (2019)
demonstrated that female-gendered prompts often trigger more emotionally negative or stereotypical language. Similarly, Liang
and colleagues (2021) and Sap and colleagues (2019) found that models trained on web-scale corpora replicate widespread
discourse biases tied to gender, religion, and ethnicity. These biases may arise from the overrepresentation of sentiment-laden
phrases, contextual priors, or surface-level lexical signals embedded in training data (Sheng et al., 2021; T. Sun et al., 2019).
Kiritchenko and Mohammad (2018), in a systematic analysis of over 200 sentiment analysis systems, documented consistent
bias with respect to race and gender. Similarly, Venkit and colleagues (2023), Huang and colleagues (2019), and others have
shown that LLMs can generate biased outputs heavily influenced by individual, contextual, and cultural cues (Van De Poel,
2021; Froehlich & Weydner-Volkmann, 2024).

In educational contexts, these biases carry significant consequences. Sentiment bias in feedback or content support can
disproportionately affect learners based on gender, race, nationality, or socio-economic background (Blodgett et al., 2020). If
an LLM consistently provides more encouraging responses to certain groups while being overly critical toward others, this may
negatively influence learners’ self-esteem, motivation, and academic performance (Shah et al., 2020; Blodgett et al., 2020).
Prior studies have identified instances where LLMs reinforced harmful stereotypes or conveyed culturally insensitive messages
(Sheng et al., 2019). Such outputs not only undermine the pedagogical integrity of online platforms but also may perpetuate
discriminatory attitudes, ultimately working against the principles of inclusive and equitable education. Moreover, biased
responses may exacerbate knowledge gaps or disseminate misinformation among learners (Baker et al., 2016), especially in
large-scale learning environments with diverse student populations. In addition, at the aspect level, sentiment bias may reduce
model interpretability by embedding intrinsic sentiment into aspects that should be evaluated neutrally (B. Wang et al., 2021).

To address these challenges, it is essential to implement rigorous evaluations that assess the fairness and inclusivity of
AI-generated responses—particularly their sentiment characteristics—in order to ensure that LLM-based support aligns with
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educational values of equity and inclusion. Therefore, the present study aims to examine whether LLM-generated replies in
online learning forums exhibit sentiment bias and to what extent such bias varies across demographic attributes. Furthermore,
we investigate strategies for mitigating sentiment bias while offering explainable insights into the nature and fairness of the
generated responses.

3. Method
3.1 Data Source Description
To analyze what sentiment patterns the LLM-generated responses have, this study used the Stanford MOOC Posts dataset to
fine-tune three LLMs. The Stanford MOOC Posts dataset comprises 29,604 anonymized learner forum posts from 11 public
online courses offered by Stanford University, spanning three subjects: humanities, medicine, and education. In Table 1, the
major columns from the Stanford MOOC Posts dataset are outlined. The dataset categorizes posts into three types—questions,
answers, and opinions—along with detailed annotations about sentiment ratings (on a scale of 1 to 7) provided by three human
raters. The sentiment score ranges from 1 to 7, including intermediate values such as 1.5, 2.5, and 3.5. We selected this dataset
due to its diverse contexts, broad representation of academic disciplines, and comprehensive sentiment annotations, which have
13 distinct categories.

Table 1. Dataset schema.

Column Name Value/Type Description

text String Text of one post
opinion 0 or 1 Binary: post contains an opinion
question 0 or 1 Binary: post contains a question
answer 0 or 1 Binary: post contains an answer
sentiment 1–7 Learner sentiment expressed in post: 1 = negative; 7 = positive; 4 = neutral
confusion 1–7 Learner degree of confusion expressed in post: 1 = not confused; 7 = very confused
urgency 1–7 How urgent is it that instructor reads the post: 1 = not urgent, 7 = very urgent
course type String One of Education, Humanities, and Medicine
forum post id String Unique ID of the respective row’s post in its original OpenEdX context
forum uid String Unique identifier of learner who posted the post

post type String
Either a Comment or a CommentThread;
the latter applies to posts that start a thread,
while the former is assigned to all other posts.

comment thread id String ID of thread object

3.2 Data Preprocessing
Figure 1 outlines the methodology employed in this study. The data processing in step 1 of Figure 1 involved three primary
operations:

1. We began by normalizing the post text, using regular expressions to remove excessive HTML tags and symbols frequently
found in online forum posts. We also scrutinized all sensitive content to eliminate links, sensitive information, and invalid
characters, including non-ASCII (American Standard Code for Information Interchange) characters and empty strings.
We further removed posts that were empty after string processing (n = 7).

2. In order to fine-tune LLMs to provide support by generating replies to current forum posts, we matched parent posts and
reply posts in the dataset based on forum post id, post type, and comment thread id (shown in Table 1). As a result, we
obtained 8,322 pairs of posts and replies. Table 2 presents examples of these sample pairs.

3. In this dataset, we found three interesting attributes that are popular exploratory attributes in previous sentiment analysis
studies (Sheng et al., 2019; Huang et al., 2019; Fryer et al., 2022): gender2, occupation (e.g., teacher, instructor, student,
professor), and country/city (e.g., New York, Australia, Hong Kong) (see examples in Table 3). In this study, we mainly
focus on the gender attribute because the method applied on one attribute will be generalizable to other attributes. To
expand the dataset, while previous work used sentence templates by selecting words from a fixed set of sensitive attributes
(Huang et al., 2019), some studies employed LLMs (e.g., LaMDA) to generate counterfactual content (Fryer et al., 2022).
Due to the high flexibility and unrestricted content of students’ online posts, we adopted the latter method to generate

2Here, we treat gender as a binary attribute (e.g., female and male, boys and girls)
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Figure 1. Methodology overview. Step 1: The data were preprocessed, including string processing of the text and pairing posts
with replies. The GPT-4 API (application programming interface) was then used to create counterfactuals from the original
dataset (see Section 3.2 for details). Step 2: Based on previous research and the development of large models, three classic
models were selected for fine-tuning using two different methods (see Section 3.3 for details). Step 3: The replies from the two
datasets generated by the fine-tuned models were analyzed. First, (1) a human evaluation was conducted to assess the
informativeness and community support provided by the LLM-generated replies. Then, the replies were further analyzed: (2)
Sentiment analysis was conducted using two different models (BERT and SOWB), (3) sentiment bias was quantified using
ADSD (see Section 3.4 for details), and (4) an explainable analysis of the LLM-generated replies was conducted (see Section
3.5 for details).
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counterfactual content. Different from the work of Fryer and colleagues (2022), we employed the GPT-4 API3 to generate
counterfactual parent posts with the instruction “Rewrite the following text to be counterfactual about 〈Attribute〉: 〈Text〉.”
The prompt used to generate counterfactual texts followed Fryer and colleagues’ (2022) study. The only difference
between the original post and the counterfactual post lies in the gender attribute referenced in the text.

Table 2. Post and reply examples from MOOC Posts dataset.

Example No. Post Reply

1 I have participated in a free online course How to
Learn Math and up to now, I have finished session 1
of this course (completed all the questions and surveys
that are provided in this session) but my progress bar
didn’t show anything which shows my completion of
this session. So I would like to clarify more about it.
Did I do something wrong or did something get stuck
with the system? I’m so worried about this problem.
I think maybe it has some trouble with open answers,
and peer feedback in particular.

The Peer Review module is not fully set up yet. You
haven’t done anything wrong–Professor Anonymized
simply has a bit more work to do before it is fully
ready for us to participate. You can read what the
Tech Support team has to say about it.

2 I had my students come into my math class telling me
that their language arts teacher said that she wasn’t a
math person either, she hated math.

We really have to be careful what we say. Using “I
was never good at math either” is just an excuse to not
try. It gives the student an easy out.

3 Hi Everyone! I’m from New York! I currently teach
fourth grade but am up for an elementary math spe-
cialist position that would work with struggling math
students in grades K–6. I’m very excited for all of
the information that this course will have to offer!
Thanks!!

Hello there! I’m D., Jr. Elementary school teacher
here in the Philippines. I find this course useful and
of great importance in my teaching career especially
in mathematics education!

4 Is there a reason why the instructor does not spell
Ronald Reagan’s name correctly?

Just a typo, sorry!

5 I just wanted to say that this is the best online course
I’ve ever had! I’m really impressed of how well this
is done! I’ve never had probability in my math class
and yet the course is explained in such a clear and
straightforward manner that I could easily understand
and solve all problems. Congratulations to the profes-
sor and everyone involved in this programme! Thank
you for making it freely available to everyone, I’m
extremely grateful!!

I also agree, it is quite explanatory. I am amazed an
online program could be so interactive. Thank you
for adding such great value to lives. Bravo!

3.3 Model Selection, Fine-Tuning, and Inference
We selected three representative LLMs for fine-tuning on the MOOC Posts dataset: GPT-2 small, Gemma 7B, and LLaMA3
8B. GPT-2 was chosen due to its proven effectiveness in generating student discussion responses in prior studies (Du et al.,
2023; C. Li & Xing, 2021). Gemma and LLaMA3 represent recent state-of-the-art open-source LLMs that demonstrate strong
performance across both text and code generation tasks. All models are based on the Transformer architecture (Vaswani et al.,
2017), which processes sequences through attention mechanisms rather than recurrence.

We applied two fine-tuning strategies (Figure 1, step 2): (1) For the original fine-tuning, 80% of the (post, reply) pairs in the
original dataset were used for training. (2) For the counterfactual fine-tuning, the 80% of the (post, reply) pairs in the original
dataset, and 80% of the (counterfactual post, reply) pairs in the counterfactual dataset, were used for fine-tuning. The goal
of counterfactual fine-tuning is to improve attribute invariance by exposing models to matched pairs of posts that differ only
in sensitive attributes. This technique helps the model decouple those attributes from semantics, thereby promoting fairness.
Similar approaches have been validated in prior research for mitigating gender and occupation bias in language models (Lu
et al., 2020; Huang et al., 2019).

3https://openai.com/index/gpt-4-api-general-availability/
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Table 3. Sensitive attributes, indicators, and examples.

Attribute Indicator Example

gender
female/male,
woman/man,
girl/boy, . . .

– Maybe the women on these videos are really not that good at math,
and then their abilities intersect with social prejudice and that makes
them feel bad. I am a woman, and I have only felt math stereotypes once.
Otherwise, the men that I have worked with have always been supportive.

– My high school Calculus teacher used to tell my father that I was a “genius”
because I could solve all the proofs in class on my own.

– Hello ! my name is 〈removed〉. I’m from Moscow Russia.

occupation
student,
teacher,
professor, . . .

country/city
New York,
Australia,
Florida, . . .

Note: The text in italics will be changed to other words when using the API for generating counterfactual texts. For example, when using the ChatGPT-4 API
to generate gender counterfactual posts, the text in Example 1 will be changed to: “Maybe the men on these videos are really not that good at math, and then
their abilities intersect with social prejudice and that makes them feel bad. I am a man, and I have only felt math stereotypes once. Otherwise, the women that I
have worked with have always been supportive.”

Fine-tuning was conducted using Python 3 on eight NVIDIA A100 GPUs. We used a batch size of 16 and set the number
of training epochs to three, a commonly adopted practice in LLM fine-tuning to balance performance and overfitting risk
(Parthasarathy et al., 2024). We monitored training and validation loss to ensure convergence. Specifically, the GPT-2 small
model was fine-tuned using the Hugging Face Transformers Trainer API. The model was trained for three epochs with a
batch size of 16, using a maximum sequence length of 1,024 tokens and special tokens to denote prompt boundaries. No
mixed precision was used. The Gemma model was fine-tuned using low-rank adaptation (LoRA) to enable efficient training
(Zheng et al., 2024). We used the google/gemma-7b-it instruction-tuned checkpoint and fine-tuned it for three epochs with
an effective batch size of 16 (batch size 4 × gradient accumulation 4). LoRA was applied to attention projection layers
(q proj, v proj). The LLaMA3 8B model was fine-tuned in the same pipeline as Gemma using LoRA techniques. We used the
meta-llama/Meta-Llama-3-8B-Instruct checkpoint and applied identical training hyperparameters to ensure comparability. The
instruction prompt used during fine-tuning was consistent across models: “Assume you are a teacher or student in an online
course forum. Please reply to this post: 〈Post Texts〉.” The codebase for fine-tuning is available on GitHub.

3.4 Sentiment Analysis
3.4.1 Sentiment Classifiers
To examine sentiment patterns (i.e., the score and distribution of sentiment presented in replies) and support the sentiment
bias analysis, we used sentiment analysis to assess the sentiment of replies generated by the LLMs (see step 3 in Figure 1).
The Stanford MOOC Posts dataset features a sentiment score ranging from 1 to 7, including 13 categories, as determined by
three human evaluators (see Table 1). Unlike previous studies that treated sentiment classification as a binary task (positive and
negative; Huang et al., 2019) or three categories (i.e., positive, neutral, and negative; Fryer et al., 2022), we have retained the
original sentiment scores to ensure a more accurate analysis of the sentiment in the LLMs’ generated responses.

Motivated by concerns raised in previous research (Huang et al., 2019) about potential biases in AI-based sentiment
classifiers, we employed both AI-based and simple opinion word–based (SOWB) sentiment classifiers to measure the sentiment
score on the generated responses. The AI-based sentiment classifiers can achieve high accuracy and efficiency, making them
suitable for handling large-scale data. However, they have poor interpretability and may inherently contain bias, as shown in
some sentiment analysis systems (Kiritchenko & Mohammad, 2018). The SOWB sentiment classifier counts the number of
positive opinion words (p) and the number of negative opinion words (n), and uses p/(p+n) as the sentiment score, assigning
a score of 0.5 if no opinion words exist (Hu & Liu, 2004). This SOWB approach is less accurate than the AI-based sentiment
classifiers but is less likely to produce biased sentiment scores (Huang et al., 2019).

To evaluate whether the sentiment of LLM-generated responses is fair with respect to gender, we first used two sentiment
analysis models (BERT and SOWB) to assess the sentiment scores of the responses to both original and counterfactual posts.
BERT is a pre-trained LLM proposed by Devlin and colleagues (2019), which adapts well to various NLP tasks. In previous
research, BERT has been used for sentiment classification with promising results (Huang et al., 2019). For this study, we
fine-tuned BERT for multi-class sentiment analysis using 90% of the cleaned dataset (n = 29,597) to adjust the last three
layers of BERT, producing labels with 13 sentiment categories ranging from 1 to 7. Maintaining this number of categories
was necessary to ensure consistency with the original sentiment labels in the dataset and accuracy in sentiment bias analysis.
We experimented with various hyperparameter combinations, including learning rates of 2×10−4 and 2×10−5 and epoch
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numbers of 3, 5, and 10, and found that a learning rate of 2×10−5 and 5 epochs achieved the best results on the validation set
(accuracy rate of 76.66%). Therefore, we chose 2×10−5 and 5 epochs as the final model hyperparameters.

We additionally deployed the SOWB classifier. Although SOWB achieved a lower accuracy of 62% for sentiment
classification, it offers the advantage of unbiased judgments by avoiding reliance on sensitive tokens or pre-learned associations.
When implementing the SOWB sentiment classifier, the AFINN sentiment analysis tool (Nielsen, 2011) was used. The AFINN
sentiment analysis tool calculates sentiment scores for individual words and sums these scores to give a total sentiment score
for a piece of text. The scores for individual words in the AFINN lexicon range from −5 to 5, where negative values indicate
negative sentiment, positive values indicate positive sentiment, and 0 indicates neutral sentiment. When using the SOWB
classifier to score a post, the AFINN tool rates the sentiment of words in the text, calculates the sentiment score for each
segment of the text, and finally scales the score to a range of 1 to 7, rounding it to the nearest 0.5 category.

3.4.2 Sentiment Fairness Metric
To measure whether the LLMs’ responses to posts and their gender counterfactual posts exhibit sentiment bias, a metric was
proposed to evaluate the sentiment fairness of the models. Ideally, LLMs should generate sentimentally consistent responses to
both the original posts and their counterfactuals. Based on Gardner and colleagues (2019) and Huang and colleagues (2019),
we defined a metric that measures the difference between two sentiment score distributions to compare the sentiment bias of
two LLMs on the original dataset (Original) and counterfactual data (Counterfactual). In this study, bias refers to sentiment
bias in LLM-generated responses across two datasets that differ only in a sensitive attribute. The original dataset consists of
(post, reply) pairs drawn from real data, while the counterfactual dataset is constructed by altering the sensitive attribute in the
posts (e.g., gender); it has (counterfactual post, reply) pairs. Ideally, an LLM should generate replies with similar sentiment
distributions across both datasets. The ADSD approach was proposed for three key reasons. First, in open-domain discussion
forums, it is difficult to define a universal sentiment baseline, and even human-written posts may carry inherent bias. Second,
our goal is to detect relative disparities in sentiment distributions between groups, using the original model’s output as a
practical reference to evaluate whether counterfactual fine-tuning improves fairness. Third, classical fairness metrics such
as equalized odds measure different constructs—primarily classification accuracy across groups—and are less suitable for
capturing nuanced distributional shifts in sentiment. ADSD instead provides a distribution-level perspective on fairness that
aligns more closely with the nature of generative language tasks.

As shown in Figure 2 (a) and (b), the x-axis represents the sentiment score of the replies. The yellow curve represents the
sentiment score fitting curve of the model on the original dataset, and the blue curve represents the sentiment score fitting
curve of the model on the counterfactual dataset. The shaded area between the curves indicates the absolute area difference,
which quantifies the divergence in sentiment scores between the original and counterfactual scenarios. In other words, the
ADSD metric measures the divergence in sentiment distributions generated by the same LLM for two different datasets (with
opposite gender attributes). For example, for the GPT-2 model fine-tuned on the original dataset, we generate replies using the
fine-tuned GPT-2 model for posts from both datasets. We then compute the sentiment distributions of the two sets of replies
and quantify the sentiment bias using ADSD. Any observed divergence between the two curves reflects sentiment bias. This
metric does not rely on a predefined or “ideal” sentiment distribution as a baseline. Instead, it focuses on the distributional
divergence in sentiment scores between groups (e.g., based on gender) or conditions. In short, a larger ADSD value indicates
greater divergence (e.g., Figure 2 (b)), which reflects a higher degree of bias and lower fairness.

Ideally, we want the model to have the same sentiment score curve for the original posts and the posts after counterfactual
adjustments. Therefore, we use the absolute area difference between the two curves (i.e., the shaded areas in Figure 2) as the
fairness metric ADSD. The smaller the ADSD value, the more consistent the sentiment scores of the model’s responses to
different data, indicating greater fairness. Thus, ADSD can be defined as

ADSD =
∫

∞

−∞

| foriginal(x)− fcounterfactual(x)|dx

where foriginal(x) and fcounterfactual(x) represent the sentiment distribution density functions for the original dataset and the
counterfactual data, respectively. By calculating the absolute difference between these two functions and integrating it, we
obtain the ADSD value. A smaller value of ADSD indicates greater consistency in sentiment scores across different data
sources, thus reflecting reduced bias and improved fairness.

3.5 Explainable Error Analysis
AI-generated text evaluation methodologies are traditionally categorized into two primary types: intrinsic and extrinsic methods.
Intrinsic methods involve participants reading and rating the texts based on aspects such as output quality and learner satisfaction
(Du et al., 2023). Extrinsic methods assess the impact of the generated text on the success of learner or system tasks (Belz &
Reiter, 2006). To provide explainable evaluations of the LLM-generated responses, we employed TIGERSCORE (Jiang et al.,
ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 16



Figure 2. Illustration of the fairness metric ADSD. The blue and yellow curves represent the sentiment scores predicted by the
sentiment classifier, with kernel density estimation (KDE) applied to approximate the probability density functions of the two
sentiment distributions. ADSD quantifies the overall difference between the distributions by integrating the absolute value of
the area between the two curves. By comparing Figures 2 (a) and (b), we observe that a smaller divergence (reflected by the
closer alignment of the two curves in (a)) indicates less disparity in sentiment across groups and thus greater fairness in the
model’s responses.

2023) in this paper. TIGERSCORE4 is a metric trained to follow instructional guidance for explainable and reference-free
evaluation across a diverse range of text generation tasks. This tool is based on LLaMA2, trained on instruction-tuning dataset
MetricInstruct, which covers six text generation tasks and 23 text generation datasets (Jiang et al., 2023). Traditional automatic
metrics often face challenges such as dependency on reference texts, domain specificity, and lack of transparent attribution. In
contrast, TIGERSCORE overcomes these limitations by being instruction-driven and providing comprehensive error analyses
to precisely identify errors in generated texts. Figure 3 is an example of the TIGERSCORE evaluation results.

Figure 3. TIGERSCORE usage example.

TIGERSCORE is constructed around three principal design criteria: (1) It operates under instruction-driven protocols,
which enhances its flexibility and applicability to various text generation challenges. For instance, the instruction used in this
study is consistent with those used to fine-tune the LLMs, specifically: “Assume you are a teacher or student in an online
course forum; please reply to this post: 〈Post Texts〉.” (2) It dispenses with the need for references or exemplary comparisons,

4https://huggingface.co/TIGER-Lab/TIGERScore-13B
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facilitating an unbiased evaluation. (3) The model’s outputs are highly interpretable; it not only identifies errors but also
provides a detailed analysis of each error, including its location, nature, and the associated penalty.

Fairness and explainability are increasingly recognized as core, interconnected pillars of responsible AI in learning
environments. To achieve our goal of exploring fair and explainable support for online discussion forums, the inclusion
of TIGERSCORE is informed by the broader educational AI literature, in which fairness and explainability are frequently
discussed together as foundational principles of responsible AI use (Roundtree, 2023; Zhou et al., 2022). Accordingly, we
considered both dimensions in our study to provide a more comprehensive understanding of how LLMs can support students in
online forums.

4. Results
4.1 Fine-Tuning Results
Table 4 displays examples of texts generated by Gemma and LLaMA. From example 1, we observe that the response generated
by Gemma attempts to directly answer the question in the post, “How do students reach this point?” In contrast, LLaMA’s
response is less relevant. In example 2, Gemma also provides a more relevant response by saying, “show him that he could do
math.” In example 3, both models demonstrate the ability to produce contextually appropriate and engaging responses, with
both mentioning “number sense,” which is also present in the original post. For example 4, the two generated responses share a
rationale for the mistakes and both maintain relevance to the original post. From other examples, we see that the readability of
both models is acceptable. However, there are a few instances where the responses lack comprehensiveness and relevance (e.g.,
LLaMA’s responses in 5 and Gemma’s response in 6). From examples 7 to 10, the generated responses either reflect the same
emotions and issues as the original post (e.g., examples 7, 8) or attempt to propose a possible solution (e.g., Gemma’s response
in example 9, LLaMA’s response in example 10). Overall, although some responses lack comprehensiveness and accuracy, the
readability and relevance are acceptable.

We further analyzed the average length, readability, and similarity of the responses generated by the three LLMs (fine-tuned
using original data), with the results displayed in Table 5. In terms of average length, the responses ranged from 35 to 50 words,
with LLaMA generating responses with the highest average word count. Readability was assessed using the Flesch-Kincaid
level (FKL) (Williamson & Martin, 2010), and similarity was computed by applying the cosine similarity algorithm to the
TF-IDF vectors of the responses. Overall, GPT-2 produced the most readable responses (FKL = 5.24), indicating that the text
is understandable by a fifth-grade student, while Gemma and LLaMA had similar readability levels (FKL = 7). For similarity,
a random sample of 200 responses showed that the similarity between the generated texts and the original posts was around
0.10–0.11. Regarding the sample size of 200, we conducted a power analysis to determine the minimum number of responses
required to detect a medium effect size (Cohen’s d = 0.5) at a significance level of 0.05 and statistical power of 0.8. The
analysis indicated that at least 53 responses per group (i.e., per model) were necessary for reliable pairwise comparisons. To
ensure robust results and maintain computational efficiency, we randomly selected 200 responses (exceeding the minimum
requirement) for evaluating similarity. The multiway ANOVA compares the word count, FKL score, and similarity of the
generated responses. The results indicate significant differences across the three LLMs in terms of these patterns.
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Table 5. Descriptive analysis of generated responses.

Model Avg. Length Avg. Readability Avg. Similarity Multiway ANOVA

GPT-2 35.04 5.24 0.10 F = 16.18
p < 0.01**
η2 = 0.05

Gemma 43.20 7.19 0.11
LLaMA 50.08 7.02 0.11

Note: ** p < 0.01. “Avg.” stands for average. Word count reflects the response length, FKL grade levels indicate readability, and similarity is calculated using
TF-IDF with the cosine similarity algorithm. The multiway ANOVA compares the word count, FKL, and similarity of the generated responses.

4.2 Sentiments Analysis
Figure 4 (a) shows the sentiment score map of posts and replies in the dataset, as well as the LLM-generated responses for the
posts from three different models ((b), (c), and (d)). Both the x-axis and y-axis numbers represent sentiment scores consistent
with those in the dataset (ranging from 1 to 7). The numbers on the heatmap indicate the count of replies with corresponding
sentiment scores to posts with specific sentiment scores. For readability, only annotations greater than 10 are displayed.

Figure 4. Sentiment analysis heatmap of forum posts and replies. The colour intensity in the heatmap represents the frequency
of occurrence, and the numbers in the heatmap indicate the number of posts and replies for each sentiment level. Figure 4 (a)
shows the sentiment heatmap of replies from the original dataset, which are responses from students. Figures 4 (b)–(d)
illustrate the sentiment heatmap of the LLM-generated replies (using original fine-tuning) in relation to the sentiment heatmap
of the original posts. For comparison purposes, we used the BERT model and plotted the same number of posts as in (a),
specifically 8,322 pairs of posts and responses. The percentages in the bottom right corner represent the sentiment of the replies
in each scenario.

Overall, the proportion of negative replies generated by the Gemma and LLaMA models is 10% and 11%, respectively,
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similar to the 11% proportion of negative sentiment in the original student replies. For neutral reply proportions, GPT-2
generated 59% neutral responses, which is close to the human level of 62%. In contrast, 80% or more of replies from the Gemma
and LLaMA models were neutral—much higher than the 62% observed in human replies. For positive reply proportions, all
three LLMs produced fewer positive replies (12%, 10%, and 6%) than humans did (27%).

From Figure 4 (a), we can observe the relationship between the sentiment of student replies and the original post’s sentiment
in the online forum. For the original posts, 54% have a sentiment score of 4, 23% have a score higher than 4, and 24% have a
score lower than 4. Generally, for posts with negative sentiment (24% of the total posts), the sentiment of the replies tends to
lean toward being less negative or neutral (83%), while for posts with initially positive sentiment, the replies are mostly neutral
or more positive (95%), with a large portion being more positive (60%). This indicates that, typically, the emotional support that
students receive on the forum from teachers and other students is inclined to be either neutral or more positive (less negative).

Based on the results from the three LLMs, compared to the actual replies in Figure 4 (a), the heatmap of sentiments in the
model-generated replies is more concentrated, with no extremely negative or extremely positive replies (lower than 2 or higher
than 6). Similar to the sentiment distribution in real replies, the LLM-generated replies are predominantly neutral or positive,
as indicated by the concentration of replies in the middle and upper right sections of the heatmap. The proportion of replies
maintaining the same sentiment as the original post is 52% for GPT-2, 51% for Gemma, and 47% for LLaMA. The proportion
of replies that are more positive than the original posts is 9% for GPT-2, 23% for Gemma, and 28% for LLaMA. This indicates
that the LLMs are less likely to produce extremely negative or extremely positive responses than human responses, which tend
to be more varied in sentiment.

Furthermore, we conducted paired t-tests to analyze the sentiment scores of human responses and LLM-generated responses
(using original fine-tuning). The results are shown in Table 6. It can be observed that regardless of whether BERT or SOWB
was used as the sentiment classifier, there are significant differences between the sentiment scores of the responses generated by
the three models and the sentiment scores of human responses.

Table 6. Comparison of human and LLM-generated (original fine-tuning) reply sentiments using two sentiment classifiers.

Sentiment Classifier Model N Mean (Std) t Effect size (Cohen’s d)

BERT
Human vs. GPT-2 8,322 4.18 (0.41) vs. 3.84 (0.51) −32.84*** −0.51
Human vs. Gemma 8,322 4.18 (0.41) vs. 4.01 (0.24) −20.34*** −0.32
Human vs. LLaMA 8,322 4.18 (0.41) vs. 4.05 (0.21) −14.87*** −0.23

SOWB
Human vs. GPT-2 8,322 4.18 (0.41) vs. 4.87 (4.12) 29.37*** 0.46
Human vs. Gemma 8,322 4.18 (0.41) vs. 5.33 (3.35) 53.84*** 0.83
Human vs. LLaMA 8,322 4.18 (0.41) vs. 5.25 (3.57) 48.62*** 0.75

Note: *** p < 0.001.

4.3 Sentiment Fairness
Figure 5 shows the sentiment distribution comparison of Gemma and LLaMA (fine-tuned with original and counterfactual
posts) using BERT ((a) and (b)) and SOWB ((c) and (d)) as the sentiment classifiers. From Figure 5 (a) and (b), we can see that
both Gemma and LLaMA have high density at the sentiment score of 4. The KDE curve shows little difference between the
two models, with LLaMA’s generated response score of 4 having a higher density (higher than 4) than Gemma (lower than 4).
Specifically, in (a), the yellow curve shows a small peak at a score of 3, while the peak at 4 is lower than the blue line’s peak at
4. This indicates that Gemma’s responses to counterfactual posts have more negative sentiment than its responses to original
posts. The same characteristic can also be observed in the LLaMA model, though the difference is smaller for Gemma. Using a
different sentiment classifier model, SOWB, for classification, as shown in (c) and (d), we observe that both models generate
fewer highly positive sentiment replies (score of 7) for counterfactual posts than for original posts. Comparatively, LLaMA’s
responses show less difference between the original and counterfactual posts.

Table 7 presents the sentiment fairness results of the generated responses by three LLMs to the original and counterfactual
posts. “Original” means only using the posts from the original dataset for fine-tuning the model, while “Counterfactual” means
using both the original dataset and the counterfactual posts generated by the ChatGPT-4 API. The baseline model use the data
from the original dataset for fine-tuning, while the other models used the original data and the counterfactual data. We can
observe that using both datasets can help reduce the difference in the three models’ responses to the original test posts and
counterfactual test posts, showing improvement when using either BERT or SOWB as the sentiment classifier.

For GPT-2, when using both original and counterfactual data, the ADSD value decreased by 1.48% and 1.38%. For Gemma,
this improvement is more pronounced when using SOWB as the sentiment classifier; the sentiment fairness metric improved by
3.68% when using diversified data for fine-tuning compared to using only the original posts. This trend is also evident in the
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Figure 5. Comparison of sentiment distributions using ADSD visualization. The x-axis represents sentiment scores derived
from sentiment analysis models (BERT in subfigures (a) and (b), and SOWB in subfigures (c) and (d)). The y-axis, labelled
“Density,” indicates the probability density of these sentiment scores. Each density plot is normalized such that the total area
under the curve equals 1, illustrating how sentiment scores are distributed across the score range. The Gemma and LLaMA
models shown in the plots were fine-tuned using the counterfactual method (as illustrated in Figure 1). The ADSD quantifies
the degree of sentiment disparity by integrating the absolute difference between the two density curves. A lower ADSD value
indicates greater alignment between distributions, suggesting higher fairness in the model’s responses.

Table 7. The comparison of ADSD.

Model Fine-Tuned Data Classifier ADSD Improvement

GPT-2

Original BERT 0.5527 1.48%Counterfactual BERT 0.5379

Original SOWB 0.2410 1.38%Counterfactual SOWB 0.2272

Gemma

Original BERT 0.7304 1.46%Counterfactual BERT 0.7158

Original SOWB 0.3102 3.68%Counterfactual SOWB 0.2734

LLaMA

Original BERT 0.8261 2.22%Counterfactual BERT 0.8039

Original SOWB 0.1983 2.65%Counterfactual SOWB 0.1718

Note: “Original” refers to models fine-tuned using only the initial dataset. “Counterfactual” refers to models fine-tuned using both the initial and counterfactual
posts. “BERT” and “SOWB” are the two sentiment classifiers used in Section 3.4.1. “ADSD” is the proposed fairness metric described in Section 3.4.2, where
lower values indicate better fairness. The “Improvement” column shows the reduction in ADSD after counterfactual fine-tuning, where a positive difference
reflects decreased bias and thus increased fairness.
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LLaMA model, where both sentiment classifiers demonstrate that incorporating counterfactual data for LLM fine-tuning can
help LLMs achieve fairer sentiment responses.

4.4 Explainable Analysis
To provide an explainable analysis of the LLMs’ generated responses, we conducted an explainable analysis of the generated
responses of three models using TIGERSCORE. TIGERSCORE provides a detailed analysis of the generated posts, including
error location, severity, and penalty scores. Table 8 provides an example of the error analysis of generated responses from
Gemma and LLaMA, with the original posts taken from Table 4.

From the table, it is clear that the results from both models might be lacking in terms of accuracy, comprehension, and
informativeness. The detailed explainable analysis results show specific areas where each model’s generated text is insufficient.
For instance, in example 1, the text produced by Gemma faces issues related to comprehensiveness; the explanation shows
that this response by Gemma is focused on providing a solution instead of explaining why students might struggle with
problem-solving (shown in Table 4, example 1). TIGERSCORE give this a major score reduction of 4 points. For example 2,
the responses generated by Gemma and LLaMA show three different issues: accuracy, informativeness, and comprehension.
In Gemma’s generated response, the accuracy issue is that the response does not address the student’s concern about the art
teacher’s negative attitude; instead, it focuses on proving the teacher wrong. This is a major issue recognized by TIGERSCORE.
The informativeness issue refers to the generated response not explaining the mentioned activity, which is a minor issue and
causes a score reduction of 2 points. LLaMA’s generated response has a major comprehension issue as it is not related to the
context in the original post. For example 3, there is an obvious difference in the performance of Gemma and LLaMA3. While
the Gemma-generated response has no error recognized by TIGERSCORE, LLaMA3 has three minor accuracy issues, not to
mention the specific ways, the importance of number sense, and the speed at which students can solve problems when using
number sense. These three cause a total of 3 points reduced. In comparison, using TIGERSCORE, the results generated by
LLaMA performed better, with a total reduced score of 7, and Gemma had a reduced score of 10.

We aggregated all TIGERSCORE results, as shown in Figure 6. The average score reductions for GPT-2, Gemma, and
LLaMA were 6.23, 1.09, and 0.97, respectively, with a lower score reduction indicating a better AI-generated response. From
Figure 6, we observe that GPT-2’s generated responses mostly experienced a score reduction of 4 or 8 points (>80%), while
Gemma and LLaMA performed better, with a higher proportion of responses showing no score reduction (nearly 20%) or only a
1-point reduction (>70%). Based on the explainable analysis results, we make the following conclusions: (1) Using explainable
metrics to evaluate large-scale AI-generated texts is feasible. (2) Overall, the text quality generated by Gemma and LLaMA3 is
superior to that of GPT-2, according to the explainable analysis. (3) Although current LLMs offer significant opportunities for
online learning support, the quality of this support (e.g., accuracy and comprehension) still requires improvement.

Figure 6. Score reduction distribution by TIGERSCORE.
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5. Discussion and Implications
LLMs, as advanced AI technologies, show significant promise in offering automated support in online learning environments
(H. Li et al., 2024). These models, trained on vast amounts of text data, can understand and generate human-like responses. In
online learning settings, AI-generated replies from LLMs can provide substantive support, which, in turn, may improve student
engagement and academic outcomes (Moore et al., 2019; Du et al., 2023; C. Li & Xing, 2021). However, few studies have
systematically examined the sentiment patterns of such responses or the biases that may emerge in emotionally supportive
contexts (Huang et al., 2019; Fryer et al., 2022). These biases often originate from the training data itself. LLMs are typically
trained on large-scale web-based corpora that reflect real-world language use—language that frequently contains implicit and
explicit societal biases related to gender, race, nationality, and other attributes (T. Sun et al., 2019; Sheng et al., 2019; Huang
et al., 2019). As a result, LLMs can internalize and reproduce these patterns during generation, sometimes yielding sentiment
responses that are uneven or skewed across different demographic groups (C. Li et al., 2022). Rather than alleviating emotional
distress, such biased responses risk reinforcing negative experiences for vulnerable learners.

To address this gap, this study aims to explore the sentiment patterns in LLM-generated responses when providing automatic
support in online learning environments. While previous research has shown that LLM-generated responses can provide a
certain level of emotional support, no studies have yet investigated the specific sentiment patterns present in these responses
and whether there is any sentiment bias. We aim to identify and mitigate sentiment bias in LLM-generated responses to ensure
that they are both fair and explainable. Using MOOC Posts data, we selected three state-of-the-art models for pre-training
and applied counterfactual fine-tuning methods to expand the training dataset, effectively reducing sentiment bias in the
models. Our experiments focused on gender attributes, and we introduced a metric called ADSD (shown in Figure 5) to
measure sentiment fairness. A counterfactual fine-tuning approach was also proposed to mitigate the sentiment bias in the
LLM-generated responses. The results demonstrate that our method effectively reduces sentiment bias in LLM-generated
support. Additionally, we conducted an explainable error analysis to evaluate the responses generated by LLMs, offering a
scalable approach that can be applied to other contexts. In the discussion, we reflect on our findings; answer our research
questions; and assess the performance of different models in educational settings, as well as the broader implications of using
LLMs in online learning environments.

5.1 RQ1: What Are the Sentiment Patterns of Responses Generated by LLMs in Online Discussion Forums?
To address RQ1, we conducted a sentiment analysis comparing the responses generated by LLMs with those in the original
human-generated dataset. Overall, the LLM-generated content demonstrates the models’ ability to either tentatively respond to
student posts or articulate relevant information (see examples in Table 4). From a sentiment perspective, as shown in Figure 4,
the overall distribution of sentiments—negative, neutral, and positive—in LLM-generated responses (subfigures (b)–(d)) differs
notably from that of human responses. Specifically, Gemma and LLaMA tend to produce more neutral responses, whereas
GPT-2 exhibits a greater proportion of negative responses. Subsequent t-tests conducted using two sentiment classification
models revealed statistically significant differences in sentiment between human- and LLM-generated responses (p < 0.001).

Although a previous study by Du and colleagues (2023) using human evaluation reported that LLM-generated responses
demonstrated an emotionally supportive reply rate of 58.23%, it found no significant difference compared to human-generated
replies. Our study contributes an automated and objective perspective by employing two sentiment analysis models, BERT
and SOWB, to evaluate sentiment patterns. This approach provides more fine-grained insights into the emotional tone of
LLM-generated content. Another study also relied on human evaluation to assess emotional support, but it included only
150 posts and similarly reported no significant difference between human and LLM-generated replies (C. Li & Xing, 2021).
In contrast, we analyzed a much larger dataset of 8,322 posts and applied state-of-the-art LLMs. Our findings indicate that
responses generated by Gemma and LLaMA3-8B tend to exhibit a more neutral emotional tone than human replies. To the best
of our knowledge, this is the first study to systematically analyze sentiment patterns in LLM-generated responses and directly
compare them to the sentiment levels in student-generated replies.

From the sentiment analysis, it is evident that the sentiment patterns of responses generated by LLMs in online discussion
forums vary depending on the specific model used. Overall, Gemma and LLaMA tend to produce more neutral responses,
whereas GPT-2 exhibits a stronger tendency toward negative sentiment. This increased neutrality suggests that while LLMs
can participate in discussions, they often avoid emotionally charged or highly opinionated content—potentially as a safeguard
to minimize bias or conflict (C. Li et al., 2022). In contrast, human responses demonstrate a broader range of emotional
engagement, often leaning toward more positive or supportive tones, particularly when addressing student queries (as shown in
Figure 4 (a)). This divergence between LLM- and human-generated responses highlights a key distinction: while LLMs can
replicate factually accurate and contextually appropriate content, they often lack the emotional nuance or empathy commonly
exhibited by human participants in online forums. The tendency of models like Gemma and LLaMA to produce neutral
responses may stem from training objectives that discourage extreme sentiment polarities (Gemma Team et al., 2024; AI@Meta,
2024). However, this neutrality may also constrain LLMs’ ability to provide empathetic support (an essential component of
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effective communication) in educational settings (Özhan & Kocadere, 2020; Yang et al., 2022).

5.2 RQ2: Do LLMs Exhibit Sentiment Bias When Generating Responses to Support Online Learning
Discussions?

To measure whether LLMs generate sentiment-biased content toward posts of different genders, we used BERT and SOWB to
compare sentiment distribution differences between original and counterfactual posts. The results shown in Figure 5 reveal
observable differences in sentiment score distribution across various datasets, suggesting the presence of gender bias in the
generated responses. This finding aligns with previous research (Zhao et al., 2018; Rudinger et al., 2018; Kiritchenko &
Mohammad, 2018). LLMs generate words based on context, and if gender-specific terms frequently appear in the training data,
it can lead to gender bias (Caliskan et al., 2017). Additionally, learned from the biased data, LLMs may produce more positive
or negative emotional responses in certain contexts associated with gender or content themes, further contributing to sentiment
bias (Sheng et al., 2019; Huang et al., 2019).

Inspired by the work of Gardner and colleagues (2019) and Huang and colleagues (2019), we propose a sentiment fairness
metric called absolute distributional sentiment divergence (ADSD) to assess fairness across different counterfactual scenarios.
ADSD provides a nuanced approach to evaluating sentiment bias in LLM-generated responses. Unlike traditional metrics
that focus solely on classification rates (Mehrabi et al., 2021; Gardner et al., 2019), ADSD captures the overall sentiment
distribution by comparing the absolute area between two distributions’ KDE curves, offering a more holistic view of potential
biases. The ADSD values calculated using BERT were notably larger than those calculated by SOWB (as shown in Table 7).
For instance, in the LLaMA model, the ADSD value between original and counterfactual posts was 0.8261, while the value
measured by SOWB was 0.1983. This discrepancy may stem from BERT’s deep learning architecture, which can introduce
bias during measurement. Despite these differences, both models indicate bias in LLM-generated responses.

Previous studies have demonstrated that gender differences in cognitive and social presence in online courses significantly
affect students’ perceived learning and course satisfaction, suggesting that accounting for gender in course design can enhance
learning experiences (Cho et al., 2022). Therefore, adopting methods to mitigate gender bias in LLMs is essential to ensuring
a fair and inclusive educational environment, as recommended by other studies (C. Li et al., 2022; Kotek et al., 2023; Cho
et al., 2022). Addressing bias in AI is crucial for preventing the reinforcement of harmful stereotypes and for ensuring that AI
systems deliver fair, unbiased outcomes across diverse populations (Riazy et al., 2020). This study contributes to the analysis
of sentiment bias in LLMs within educational settings and draws attention to the application of LLMs in online learning
environments. The sentiment metric proposed in this study is extendable to various contexts, including evaluating bias across
demographic attributes such as age or race, as well as across multiple attributes simultaneously. It is also applicable to other
deep learning models and LLMs, providing a broader framework for assessing model fairness. Additionally, this approach can
be adapted to different domains, including healthcare and legal AI systems, where fairness and unbiased decision-making are
critical considerations (Hardt et al., 2016; Dressel & Farid, 2018).

5.3 RQ3: How Can We Ensure Fair and Explainable Support for Online Learners in Large-Scale Discussion
Forums?

To mitigate sentiment bias in the automatic responses and ensure fairer support for online learners, we conducted experiments
using counterfactual posts from ChatGPT 4 API to fine-tune the LLMs. The comparison of sentiment fairness in Table 7
shows that this counterfatual fine-tuning approach helps reduce bias toward gender attributes. By incorporating counterfactual
examples, we encourage the model to learn more balanced sentiment distributions, which contribute to fairer interactions with
learners of various gender identities. Moreover, reducing bias not only improves learner satisfaction but also promotes an
inclusive learning environment. Our approach highlights the potential of counterfactual fine-tuning as an effective strategy
for enhancing fairness in AI-driven educational tools. Further research could explore the impact of this method across other
demographic attributes and multiple sensitive attributes, such as race and age, to ensure comprehensive fairness in AI-generated
content (Caliskan et al., 2017; Liu, Jiao, et al., 2024).

The use of TIGERSCORE in our study directly supports RQ3 by addressing the explainability aspect of LLM-generated
responses. The introduction of explainable metrics, such as TIGERSCORE (Jiang et al., 2023), is pivotal in assessing and
understanding the utility of large-scale responses generated by LLMs in educational settings. Previous studies evaluated
AI-generated text’s readability using the FKL (Du et al., 2023) and word perplexity (C. Li & Xing, 2021); however, they
only assessed a small set of texts due to the time-consuming nature of manual scoring. The growing emphasis on model
interpretability has led to an increase in research on explainable metrics (Zhong et al., 2022; Fu et al., 2024; Liu et al., 2025).
This study contributes to this line of research by incorporating explainable analysis into LLM-generated content, demonstrating
the potential of such metrics for large-scale educational evaluation. Explainable metrics not only assess readability but also
capture the logical coherence of LLM-generated responses. This capability helps refine LLM output and ensures that the
generated content is both accurate and pedagogically valuable. Educators can use these insights to scaffold learning more
effectively and design interventions that respond to students’ needs in online forums.
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Despite the potential shown by these technologies, there are significant limitations in the texts generated by current LLMs,
including issues related to accuracy, content misunderstanding, and the production of inappropriate content. These challenges
are particularly critical in educational contexts, where the accuracy and appropriateness of content are required. In this study,
we identified various levels of errors made by LLMs, with results indicating that LLaMA generated better outcomes with fewer
errors. This may be due to two reasons: firstly, LLaMA3-8B is a more complex model than Gemma, enabling it to learn better
and perform more effectively with MOOC Posts data (Touvron et al., 2023); secondly, TIGERSCORE itself is based on the
LLaMA series model, which may favour models from the same series during evaluation. Future research should focus on this
point and use a diverse set of explainable and automatic evaluation metrics for analysis.

5.4 Implications for Research and Practice
For research, this study introduces the ADSD metric as a novel approach to assessing sentiment fairness in LLM outputs. ADSD
can be generalized to evaluate fairness across multiple sensitive attributes beyond gender, such as occupation or geographical
location. This provides a flexible and transferable tool for future research on fairness in educational AI applications. Additionally,
the integration of fairness and explainability contributes to ongoing discourse on ethical AI in education. While prior studies
have highlighted the benefits of LLM-generated support in online learning environments, our findings further emphasize the
importance of fair support. We demonstrate that counterfactual training can effectively improve sentiment fairness in LLM
responses. This method also has potential applicability in other domains where fairness in automated feedback is critical.
Future studies can build on this work by examining how sentiment-aware feedback influences student engagement, persistence,
and learning outcomes across diverse learning contexts.

For educators, instructional designers, and AI developers, our findings underscore the importance of emotional tone in
AI-generated feedback. In particular, we found that newer LLMs such as Gemma and LLaMA tend to produce more neutral
emotional tones. While neutrality may reduce bias, it could also limit emotional resonance with learners. Therefore, curriculum
designers and platform developers may consider fine-tuning these models to better align with students’ emotional needs and
communication preferences. Our study provides actionable insights into the responsible integration of LLMs in online learning
environments and highlights the importance of balancing neutrality with empathetic communication.

6. Conclusion, Limitations, and Future Directions
In conclusion, while the advanced capabilities of LLMs such as Gemma and LLaMA3 offer promising opportunities for
enhancing interactive learning, their integration into educational frameworks must be undertaken with careful consideration of
their limitations, as well as a strong emphasis on ethical implications and educational relevance. This study’s analysis and
mitigation of sentiment bias in AI-generated content aim to maximize the benefits of these technologies while protecting the
learning environment from potential negative effects.

The main contributions of this study are as follows:

1. It examines and compares the sentiment of the replies generated by LLMs with that of human-generated responses. The
results indicate that the emotional tone produced by the more recent models, Gemma and LLaMA3, tends to be more
neutral than human responses, revealing notable differences in sentiment expression.

2. It introduces a novel sentiment fairness metric, ADSD, which quantifies fairness in sentiment across groups. This metric
can be readily applied to various sensitive attributes and contexts. The analysis shows that all three LLMs exhibit a
certain degree of gender-related sentiment bias.

3. It applies an explainable and reference-free evaluation metric to assess the quality of AI-generated responses, enabling
detailed error analysis. The findings reveal that the responses generated by Gemma and LLaMA3 outperform those of
GPT-2 in terms of overall quality, although limitations remain regarding accuracy and comprehension. Overall, this work
advances understanding of the practical limitations and potential of LLMs in educational settings and contributes to the
development of more equitable and transparent AI-supported learning environments.

Considering the limitations and future objectives identified in this study, several challenges and directions for future research
arise. Firstly, the dataset used to fine-tune the model is smaller than typical training sets; however, the methods proposed in
this paper can be applied to other scenarios. For example, the sentiment bias analysis can be generalized to other sensitive
attributes, such as occupation and geographical location (as shown in Table 3). Moreover, analyzing sentiment bias in human
educators and using it as a baseline would facilitate a more meaningful comparison between replies generated by LLMs and
those provided by human teachers. Secondly, our reliance on artificially generated counterfactual posts using Chat-GPT 4 API
for comparison experiments and model fine-tuning can be resource-intensive, although it is one of the most common approaches
used for generating counterfactual texts (e.g., Huang et al., 2019; Fryer et al., 2022). Additionally, our study focuses solely on
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gender as a binary sensitive attribute. In future work, we plan to explore open-source tools for generating counterfactuals; test
additional sensitive attributes such as race, occupation, and geographic location; and apply our proposed method to multiple
sensitive attributes. Furthermore, we employed only one explainable metric, TIGERSCORE, which is based on LLaMA models.
This may result in a better score for LLaMA3 than for Gemma. Other evaluation metrics, such as GPTScore (Fu et al., 2024),
can also be used to assess generated responses. Since not all AI-generated texts are thoroughly reviewed by humans, errors and
biases may remain undetected, potentially affecting output quality. Future research should incorporate more manual analysis
focusing on the presence of potential sentiment biases and human satisfaction ratings.
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