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Abstract  

Content moderation is a common intervention strategy for reviewing user-generated content on social 
media platforms. Engaging users in content moderation is promising for making ethical and fair 
moderation decisions. A few studies that have considered user engagement in content moderation have 
primarily focused on classifying user-generated comments, rather than leveraging the information of user 
engagement to make a moderation decision on user-generated posts. Moreover, how to extract information 
from user engagement to enhance content moderation remains unclear. To address the above-mentioned 
limitations, this study proposes a framework for user engagement-enhanced moderation of user-generated 
posts. Specifically, it incorporates the credibility and stance of user-generated content into graph learning. 
Our empirical evaluation shows that the models based on our proposed framework outperform the state-
of-the-art deep learning models in making moderation decisions for user-generated posts. The findings of 
this study have implications for augmenting the moderation of social media content and for improving the 
safety and success of online communities.  

Keywords  

Content moderation, user engagement, deep learning, graph learning. 

Introduction 

Content moderation is a process of intervening user-generated content on social media platforms to ensure 
that the content complies with the platforms’ policies and community standards (Gillespie 2020). Most 
social media platforms follow governance mechanisms, namely incorporating “structure participation in a 
community to facilitate cooperation and prevent abuse” (Grimmelmann 2015). Among different strategies 
for content moderation, this study focuses on distributed moderation, which has been widely adopted by 
most social media platforms (Jhaver et al. 2019). Distributed moderation involves delegating moderation 
tasks to a group of users, rather than relying solely on a centralized moderation team or algorithm, and may 
introduce biases, such as cultural bias (Gillespie et al. 2020) and political bias (Jiang et al. 2019), to the 
decision-making process of content moderation. 

Content moderation can help improve user engagement in online communities. When users feel safe and 
supported in a community, they are more likely to engage positively and constructively (Jiménez Durán 
2021; Liu et al. 2022). In addition, user engagement in social media refers to the extent to which users 
interact with a social media platform, including creating and sharing content, commenting, liking, sharing, 
and following other users (Shahbaznezhad et al. 2021). User engagement can in turn be valuable to content 
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moderation, as it allows moderators to gather feedback from their community about what content they find 
objectionable or inappropriate. The role of user engagement is a process and product of user interactions 
(Kappelman 1995), which have great potential to facilitate graph learning to form structure-based 
information about online discussions (e.g., commenting on a post) generated by users. The user 
engagement information is rich and may be influenced by other factors, such as content quality and stance 
(Hyland 2005). We define user engagement as textual content, structure-based information, and 
creditability (i.e., content quality) and stance of user-generated comments in the context of this study. 

A few recent studies have leveraged the textual content of users’ comments to build deep learning models 
in either making a binary moderation decision on users’ comments (Pavlopoulos et al. 2017; Tan et al. 2020; 
Karabulut et al. 2023) or classifying types of moderators’ comments to user-generated content (He et al. 
2022). To the best of our knowledge, none of the previous studies has incorporated user engagement in 
content moderation towards user-generated posts. There is a lack of understanding of whether structure-
based information of user engagement can be effective in improving content moderation. Moreover, it 
remains unclear to what extent structure-based information can be enhanced to improve the model 
performance in content moderation.  

To fill the aforementioned research gaps, this study aims to answer the following research questions: RQ1) 
Can user engagement facilitate content moderation? RQ2) Does structure-based information of user 
engagement contribute to model performance? If so, how to enhance the effectiveness of structure-based 
information for content moderation? 

This research makes three-fold contributions to the content moderation and information systems literature. 
First, we propose a framework for incorporating user engagement information into a model for content 
moderation in social media. Second, this study introduces the credibility and stance of user-generated 
content as factors to enhance the effectiveness of structure-based information of user engagement for 
content moderation. Third, this study makes a methodological contribution to data collection in support of 
content moderation research, which can serve as a testbed for future research. 

Related Work 

Content Moderation Methods 

Content moderation plays a crucial role in ensuring that harmful or inappropriate content is removed from 
social media platforms, while also allowing for diverse opinions and viewpoints to be expressed (Gillespie 
2020). Content moderation can be classified into four types, including 1) pre/proactive moderation 
(Coutinho and José 2017): it involves reviewing all content by human moderators and automated tools 
before it is posted or visible to other users, and is typically used in more sensitive or high-risk areas, such 
as online forums for children or political discussion groups; 2) post moderation (Coutinho and José 2017): 
it involves reviewing posted content before making it visible to other users. This method can be less time-
intensive than pre-moderation, yet can still help prevent harmful content from being visible on a platform; 
3) reactive moderation (Llansó 2020): it involves reviewing content only after it has been flagged or 
reported by other users. The platform relies on user reports to identify potentially harmful content first and 
then takes actions if the content violates community standards or terms of service; and 4) distributed 
moderation (Lampe and Resnick 2004): it relies on the community of power users (i.e., those users who 
have high reputation within an online community) to moderate the content. This can involve giving power 
users tools to flag or report harmful content, as well as moderating comments and other user-generated 
content. Among those different types of content moderation methods, distributed moderation remains 
dominant in use (Jhaver et al. 2019). However, a large stream of studies indicates that distributed 
moderation may amplify existing societal biases in decision-making, such as cultural bias (Gillespie et al. 
2020) and political bias (Jiang et al. 2019).  

User Engagement in Content Moderation 

Social media platforms have focused on leveraging content moderation to improve user engagement on 
social media platforms by creating a positive, supportive, and inclusive online environment that encourages 
users to participate, engage, and connect in meaningful ways (Jiménez Durán 2021; Liu et al. 2022). 
Engaging users in content moderation outlines users’ rights and helps to build a stronger and more vibrant 
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online community (Myers West 2018). A typical user engagement strategy for content moderation is to ask 
users to review, flag, and/or report inappropriate user-generated content (Llansó 2020). However, 
exposure to inappropriate or harmful content can have negative impacts on individuals, particularly on 
vulnerable populations (e.g., children). One potential solution to the problem is the design for 
contestability, whereby users can shape and influence the decision-making process in content moderation 
(Vaccaro et al. 2021). Nevertheless, how to incorporate information of user engagement in content 
moderation remains scarce. 

Deep Learning Techniques  

Deep learning techniques have been incredibly successful in content moderation as an effective and efficient 
solution. By extracting valuable features from user-generated content (e.g., text, images, videos), deep 
learning models attempt to learn the characteristics of moderated content. Since text is the most pervasive 
and accessible modality of social media content, a variety of deep learning models, such as Recurrent Neural 
Networks (RNNs) (Pavlopoulos et al. 2017) and transformers (Tan et al. 2020; He et al. 2022), have been 
adopted to learn the context information from the text and predict the probability of a moderation decision 
or the types of moderation that human moderators should make. In addition, with the rapid expansion of 
image content on social media platforms, the demand for efficiently moderating inappropriate images also 
increases dramatically. For instance, Karabulut et al. (2023) leveraged a  Convolutional Neural Network 
(CNN)-based model to learn features from images and identify inappropriate images that need to be 
moderated. However, all of the aforementioned deep learning models were developed for moderating users’ 
comments. Hence, there is a lack of model development in leveraging the information of user engagement 
for decision-making in moderating user-generated posts.  

Method  

A Deep Learning-based Framework for Content Moderation  

Problem Formulation  

We formulate content moderation as a binary classification problem that classifies user-generated posts as 
either being moderated or not. Let 𝑟 denote the information of a post, which contains the content of a post 
(i.e., post title and/or body) and/or its associated user engagement in the form of comments, and r serves 
as the source of input for building classification models. The task can be formulated as learning a binary 
classifier for a content moderation decision: 

𝑦 = 𝑓(Θ, 𝑟)                                               (1) 

where 𝑦 denotes a binary classification result of a target post 𝑟 being moderated, and Θ denotes the set of 
parameters of the classification function 𝑓(∙). More importantly, the proposed framework integrates both 
user engagement information and user-generated post content to make a content moderation decision 
toward a user-generated post. 

A Deep Learning-based Framework  

We design a deep learning-based framework for classifying if content moderation of a social media post is 
needed or not, as shown in Figure 1. The framework consists of three components, including text encoding, 
representation learning, and moderation prediction. We introduce the technical details of each component 
next.  

Text Encoding 

Textual content of social media posts has been widely used in building deep learning models for content 
moderation. In this study, we focus on extracting textual features by converting the text of the post content 
and user comments into vector representations using a pre-trained BERT embedding model (Devlin et al. 
2019). The power of the BERT encoder has been well demonstrated by previous NLP studies (Kaliyar et al. 
2021; Minaee et al. 2021). Thus, we leverage BERT to generate the embedding vectors of each word in the 
post content and user comments with 128 dimensions. 
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Figure 1. The Proposed Deep Learning-based Framework for Content Moderation 

Representation Learning 

In representation learning, we concatenate the word embeddings of post content and its comments as the 
input to obtain the hidden representations of post  ℎ𝑟. To this end, we select and adapt three state-of-the-
art representation learning models, including TextCNN, BiLSTM, and RoBERTa.   

• TextCNN (Kim 2014) is one of the most popular deep learning models for Natural Language 
Processing (NLP) tasks and has been shown to achieve state-of-the-art performances in text 
classification tasks. The text-CNN model uses a series of convolutional layers and pooling layers to 
both the local and the global context information to extract the local n-gram features and 
incorporate them into the post representation.  

• BiLSTM is also one of the commonly used deep learning models for NLP tasks. It contains two Long 
Short-Term Memory (LSTM) layers: one is a left-to-right LSTM processing a word sequence from 
left to right, and the other one is a right-to-left LSTM layer processing the word sequence from right 
to left. By combining the outputs of the two layers, the BiLSTM model captures both the forward 
and backward context of the input text and generates a more effective post representation. 

• RoBERTa (Liu et al. 2019) is one of the state-of-the-art pre-trained language models. It is a 
transformer-based model, which leverages the transformer layers with multi-head attention for 
representation learning and adopts dynamic mask learning for model training. 

Moderation Prediction 

We design a fully connected layer to generate a binary classification result to determine whether or not a 
target post should be moderated based on its latent representation ℎ𝑟, as shown in Equation 2.  

𝑦̂ = softmax(𝑊𝑜ℎ𝑟 + 𝑏𝑜)                   (2) 

Where 𝑦̂ is the classification result of a post being moderated or not; softmax (∙) is the softmax function; 

𝑊𝑜 ∈ ℝ2×𝑑 denote the learnable weights; 𝑑 is the dimension of the post representation ℎ𝑟, and 𝑏𝑜 is the bias 
for the fully connected layer. We choose the binary cross-entropy as the loss function, where 𝑇  denotes the 
set of training instances, and μ‖Δ‖  is parameter-specific regulation hyper-parameters to prevent 
overfitting. By minimizing the loss value calculated by Equation 3, we tailor the model to generate 
classification results. 

ℒ = ∑ log (𝑦̂)𝑦∈𝑇 + μ‖Δ‖      (3) 

Enhancement with Structure-based Information  

The primary objective of this research is to examine whether structured-based information of user 
engagement can facilitate moderating user-generated posts. To extract structural information, we first 
formulate user engagement with post 𝑟 as a graph, 𝐺𝑟 = (𝑉, 𝐸, 𝑊), where the node set 𝑉 comprises the post 
content and its associated comments; the edge set 𝐸 represents the observed interactions among the nodes 
in V, and W represents the weights of edge set E. We define an interaction as a comment in response to the 
original post or another user’s comment. 



A Deep Learning-based Comparative Study for Content Moderation 

 Twenty-ninth Americas Conference on Information Systems, Panama, 2023 5 

 

Figure 2. A Structure-based Information Enhanced Framework for Content Moderation 

We leverage Graph Convolutional Network (GCN) (Kipf and Welling 2017) to learn post representations 
from a user engagement graph. With the enhancement of the structure-based information, we significantly 
extend the original framework of our proposed model to produce an enhanced framework as shown in 
Figure 2. We focus on introducing the new components of the enhanced framework next. 

Node Representation 

Given that the use of a word embedding matrix is massive and space-consuming, we add a special 
classification token (i.e., [𝐶𝐿𝑆] ) at the beginning of a word sequence and the final hidden state 
corresponding to this token is used as the aggregate sequence representation for a summary of an entire 
word sequence. In addition, unlike the word embedding vectors, the vectors for the [𝐶𝐿𝑆] tokens can be 
directly used to represent the post content and/or user comments for a specific post. 

Edge Representation 

In view that different user interactions are not equally important to the original posts/comments, we 
introduce weights to improve the edge representations in our graph model.  Specifically, we estimate the 
weights of the edges based on the two influential factors of user engagement of the involved nodes: the 
credibility and the stance of the nodes. 

Credibility: We assume that more credible user comments have a larger impact on the discussions of user 
engagement within a specific post. In this study, we leverage the karma score, referring to the total number 
of upvotes and downvotes that a user's posts and comments have received, as a proxy of the credibility of 
the user comment, which is shown in Equation 4: 

𝑊𝑐𝑟𝑒𝑑𝑖𝑏𝑖𝑙𝑖𝑡𝑦 = 𝜆 + 𝑆𝐾𝑎𝑟𝑚𝑎     (4) 

Where 𝑆𝐾𝑎𝑟𝑚𝑎  denotes the karma score of the user comment; and 𝜆 is a smoothing factor. We introduce the 
smoothing factor to address the issue of missing values. The value of 𝜆 sets to be 1 in this study.  

Stance: We further assume that the stances or opinions in users’ comments have impacts on the discussions 
of user engagement within a specific post. User comments with more prominent positions should receive 
higher weights for the edges. In this study, we leverage the xlm-RoBERTa model (Conneau et al. 2020), 
which is pre-trained with the SemEval-2016 dataset (Mohammad et al. 2016), to generate the stance score 
W𝑠𝑡𝑎𝑛𝑐𝑒  for an edge in Graph Gr, and the score ranges from -1 (‘against’) to 1 (‘favor’). 

To fuse the two types of edge weights, the credibility score 𝑊𝑐𝑟𝑒𝑑𝑖𝑏𝑖𝑙𝑖𝑡𝑦  and stance score 𝑊𝑠𝑡𝑎𝑛𝑐𝑒 , we use 

multiplication to derive 𝑊𝑒𝑑𝑔𝑒 , as shown in Equation 5.  

𝑊𝑒𝑑𝑔𝑒 = 𝑊𝑐𝑟𝑒𝑑𝑖𝑏𝑖𝑙𝑖𝑡𝑦 × 𝑊𝑠𝑡𝑎𝑛𝑐𝑒      (5) 
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The advantage of multiplying the credibility and stance in Equation 5 is that we can use the karma score to 
correct the stance of user comments. For example, a child’s comment with a stance of ‘favor’ is positive 
towards its parent node. If this user engagement has a negative karma score, we can infer that the stance of 
the user engagement is disagreed by the majority of the readers and should be corrected to ‘against’, which 
is negative. By multiplying the credibility and stance values, we can maintain or correct the stance of user 
engagements at the same time for edge weights generation.   

User Engagement Aggregation 

By aggregating the information of neighboring nodes, we can update the representations of node i in the 
graph 𝐺𝑟  based on Equation 6: 

ℎ𝑖
(𝑘)

= 𝑊1
(𝑘)

ℎ𝑖
(𝑘−1)

+ 𝑊2
(𝑘) ∑ 𝑊𝑒𝑑𝑔𝑒 𝑖,𝑗 ∙ ℎ𝑗

(𝑘−1)
𝑗∈𝒩(𝑖) + 𝑏(𝑘)    (6) 

where 𝑊𝑒𝑑𝑔𝑒 𝑖,𝑗 denotes the edge weight from node j to node i; 𝒩(𝑖) denotes a set of neighbors of node i; 

and ℎ𝑖
(𝑘−1)

 and ℎ𝑗
(𝑘−1)

 are the representations of node i and node j at the (k-1)th GCN layer, respectively.  

𝑊1
(𝑘)

 and 𝑊2
(𝑘)

 are the  learnable weights for the kth GCN layer related to node i and its neighbors, and 𝑏(𝑘) 

is the bias for the kth GCN layer. It can be observed from Equation 6 that the representation of node i at the 
kth GCN layer is derived as a weighted average of its own representation and the representations of its 
neighbors at the (k-1)th layer. By applying the stacked GCN layers, we can enhance post representation ℎ𝑟 
by propagating the information of user engagement that includes user comments and their associated 
karma scores and stances. 

Evaluation  

Platform and Online Community Selection 

We choose Reddit as the platform for data collection because Reddit is one of the most popular social media 
platforms that enable social news aggregation, content rating, and discussion (Jungherr et al. 2022). The 
users can remain anonymous on Reddit, which allows them to naturally share informative content (Dosono 
and Semaan 2019). Each subreddit is a sub-online community that integrates a large fusion of content. 
Therefore, we select the top 10 popular subreddits from each of the four classic domains that employ 
different levels of content moderation, including fashion with 35% of content being moderated, health with 
30%, sports with 26%, and gaming with 13%.  

Data Collection and Preparation 

The data collection was limited to public online communities to comply with the platform's privacy policy. 
Thus, the procedure did not require approval from the Institutional Review Board at the authors’ 
institution. We leveraged a Pushshift Reddit API to scrape posts from 40 subreddits daily across four 
different domains from Aug 24 to October 28, 2022, resulting in 104,674 posts. Since manual moderation 
is time-consuming, the efficiency of content moderation depends on several factors such as the type and 
volume of content, the complexity of the moderation rules, and the availability of human moderators. To 
enhance the ecological validity of the study findings, we used a PRAW API to perform another round of data 
collection of the collected posts 2 months later to validate whether the post content was moderated or not. 
Thereafter, we used a snowballing approach to collect the corresponding comments on all the posts. The 
metadata includes post content, post time, comment content, comment time, karma score, etc. In view that 
the volume of comments associated with each post varies widely from 0 to 500 (i.e., the maximum limit 
restricted by the API), and the distribution of the comments associated with each post is extremely right-
skewed, we set a threshold for the minimum number of comments to 2 to facilitate the extraction of graph-
based structural information. On the other hand, we also set an upper bound for the number of direct 
comments (i.e., the comments that directly respond to the original post) to 15. The final dataset, namely 
HumanMOD 1 , is publicly available, which consists of 8,511 moderated posts and another 8,511 not 
moderated posts that were randomly selected from the remainder of the dataset. All the posts were 
commented on, with a total of 148,344 comments.  

 

1 https://huggingface.co/datasets/SamW/HumanMOD 
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Evaluation Metrics and Experiment Setting 

We adopt a set of widely used evaluation metrics to measure the predicted results, including accuracy, 
precision, recall, and F-1. Moreover, we adopt 5-fold cross-validation to evaluate model performance, with 
an 80/20 data split for training and testing. To evaluate the proposed user engagement-enhanced models 
for content moderation, we select three baseline models, including TextCNN, BiLSTM, and RoBERTa, and 
compare the performance of the proposed model with that of those baseline models with and without user 
engagement. We compare the performance of the proposed method after removing different influential 
factors of user engagement by conducting an ablation experiment and performing paired samples t-tests 
for model comparisons. In addition, we use the learning rate of 0.001, the hidden dimension of 128, and 
the dropout rate of 0.2 for all the models and trained all of the models using the Adam optimizer. We set 
the maximum length of input text to 512 tokens for a fair comparison. 

Results  

The Effect of User Engagement  

To answer the research question RQ1, we compare the baseline models for content moderation with and 
without incorporating text-based user engagement information (i.e., user comments). Model performances 
and the results of paired sample t-tests are reported in Table 1. The t-test results show that user engagement 
improves the accuracy of the BiLSTM model (t=-3.495; df=4; p=.025), yet does not yield a significant effect 
for the TextCNN-based models (t=-.352; df=4; p=.743) and even shows a negative effect for the RoBERTa-
based model (t=3.244; df=4; p=.032). The results of paired sample t-test using F1 are similar to that of 
using accuracy.  

Models User Engagement Fold MD Sig. 
1 2 3 4 5 

TextCNN w/o 63.56% 61.31% 62.46% 65.86% 61.28% .004 .743 
w/ 63.42% 61.63% 63.45% 62.54% 65.57% 

BiLSTM w/o 67.67% 68.77% 68.33% 67.19% 67.83% .066 .025 
w/ 72.46% 77.91% 77.82% 67.13% 77.26% 

RoBERTa w/0 78.13% 79.38% 78.79% 78.94% 78.76% .012 .032 
w/ 77.36% 77.50% 78.32% 76.76% 78.23% 

The results are reported in accuracy; the best results are in boldface; MD: mean difference. 
Table 1: Model Performance Comparison Between with and without User Engagement 

Our results confirm the findings of previous content moderation studies (Guo et al. 2021; Wang and 
Iwaihara 2021) that RoBERTa can achieve superior performance on short-text tasks that leverage post 
content only. More importantly, the mixed effects of user engagement across the different models suggest 
that the text-based information of user engagement does not necessarily improve the model’s performance 
in content moderation. Thus, it is indeed important to investigate how to extract information from user 
engagement data to enhance the effectiveness of content moderation. 

Content Moderation Performance  

To answer the research question RQ2, we compare the performances of our proposed model and the 
baseline models. One unique characteristic of our proposed model is that it incorporates structure-based 
information of user engagement and is further enhanced by credibility and stance. The model performance 
is averaged across 5 folds and the results of paired sample t-test are reported in Table 2.  

The t-test results show that our proposed model outperforms all the baseline models, in terms of accuracy, 
precision, and F1, at least at a significance level of .05. In addition, our model also outperforms the baseline 
models in terms of recall (p<.01 or p<.05) with a few exceptions. Our findings indicate that the enhanced 
structure-based information of user engagement contributes to improved model performance. In addition, 
the recall values are generally lower than precisions, revealing a slight tendency of false negative prediction. 
In other words, the models are more likely to predict the posts moderated by human moderators as non-
moderated rather than the other way around. It suggests that human moderators may be subject to 
decision-making biases, which also partially explains the mixed effects on recall. 
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Models User Engagement Accuracy Precision Recall F1 

TextCNN w/o 62.89%*** 65.19%*** 56.74%* 60.07%** 
w/ 63.32%*** 64.53%*** 60.52%** 62.11%*** 

BiLSTM w/o 67.96%*** 68.31%*** 67.45%** 67.72%*** 
w/ 74.52%* 76.02%* 71.99% 73.85%* 

RoBERTa w/o 78.80%** 79.69%*** 77.31% 78.48%* 
w/ 77.63%** 80.90%** 72.38%* 76.39%** 

Proposed w/ 81.70% 85.08% 76.90% 80.78% 
a: mean difference; ***: p<.001; **: p<.01; *: p<.05; the best results are in boldface, and 
the best baselines are underlined. 

Table 2: Performance Comparison of Proposed and Baseline Models 

Ablation Experiment 

To gain a deeper understanding of the impacts of the different influential factors of user engagement of our 
proposed model on model performance in content moderation, we conduct an ablation experiment. The 
results averaged across 5 folds are plotted in Figure 3. 

 
Figure 3: Ablation Experiment Results of the Proposed Method 

The results show that incorporating the structure-based information of user engagement in terms of both 
credibility and stance achieves the best performances across all the metrics, including accuracy, precision, 
recall, and F1. After ablating stance, the model performance drops by 1.96% in accuracy (t=6.48; df =4; 
p=.003), 0.35% in precision (t=.607; df =4; p=.576), 4.55% in the recall (t=3.317; df=4; p=.029), and 2.60% 
in F1 (t=4.9; df=4; p=.008); after ablating credibility, the model performance drops by 4.41% in accuracy 
(t=12.584; df =4; p<.001), 4.11% in precision (t=4.286; df =4; p=.013), 5.59% in recall (t=3.378; df =4; 
p=.028), and 4.95% in F1 (t=8.189; df =4; p=.001); after ablating both content stance and credibility, the 
model performance drops 8.57% in accuracy (t=20.129; df =4; p<.001), 5.17% in precision (t=3.281; df =4; 
p=.03), 15.34% in recall (t=7.512; df =4; p=.002), and 10.89% in F1 (t=14.705; df =4; p<.001). In a nutshell, 
both content stance and credibility contribute to model performance in content moderation positively based 
on the structure-based information of user engagement. Moreover, credibility contributes more to the 
model’s performance compared with its stance counterpart. 

Conclusion 

It is critical to ensure that social media users can engage in productive and respectful online interactions 
without being subjected to harassment, hate speech, or other forms of harmful content. However, content 
moderation on social media platforms is a complex and ongoing challenge, as the volume of content on 
these platforms is enormous and constantly growing. The findings of this study suggest that the structural 
information of user engagement with the enhancement of content credibility and stance can effectively 
improve the model performance in content moderation.  

This research can be extended in multiple directions. First, this study collected user-generated content from 
four different domains, we envision that our proposed method can be generalizable to different domains or 
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online communities. Second, we enhance the structure-based information of user engagement with 
credibility and stance in this study. It opens up opportunities to examine other types of information that 
may enhance the measurement of the structure of user engagement. Third, we treat different online 
communities as a whole in model training and evaluation. It would be interesting to explore whether fine-
tuning the general models to domain-specific ones may further improve model performance.   
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