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Abstract: It is crucial to detect and manage stress as early as possible before it becomes a severe mental and physical health 
problem. Some authors even introduce stress as a “silent killer” to emphasize the significance of early stress management. 
Traumatic global events such as COVID-19 have amplified stress throughout online communities and it is quite common to 
see that social media users often vent about their problems or situations online. The ability to detect a person's stress from 
their posts on social media platforms like Reddit or Twitter in a timely manner can help early stress management and 
consequently counters mental health conditions. In order to detect stress from social media posts, we must obtain the 
characteristics that signal a user's stress. Which motivates us to study how salient features influence stress detection. On 
social media, text-based methods of communication predominantly overtake verbal forms, which makes these platforms a 
convenient rich medium with an extensive amount of text content to analyze a user's thoughts and emotions. We present a 
novel approach that helps improve stress detection on social media textual content with sentiment, emotion, and toxicity 
features. We design our framework based on multiple Transformer-based state-of-the-art sentiment, emotion, and toxicity 
analysis tools and models for feature extraction and discuss the stress detection tasks’ interpretability via inspecting multiple 
dimensions. For the evaluation, we use publicly available and high-quality datasets where the social media posts are real, 
carefully selected and labeled. Our experiments show the influence of the proposed new feature dimensions on stress 
detection by comparing the state-of-the-art baselines and suggesting future directions in stress detection on social media. 
Furthermore, our extensive feature correlation analysis highlights different aspects, such as 1) Positive and Negative 
sentiment, 2) Joy, Sadness, and Fear emotions, and 3) Obscene and Insult toxicity as governing factors in improving stress 
detection performance. 
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1. Introduction 
The national library of medicine defines stress as a “feeling of emotional or physical tension. It can come from 
any event or thought that makes you feel frustrated, angry, or nervous” (MedlinePlus, 2016). Mental Health 
Foundation (2021) also adds to the definition that stress is our body's response to pressure that makes the 
person feel anxious, afraid, angry or aggressive, sad, irritable, frustrated, or depressed. Moreover, the American 
Psychological Association (APA) states that stress is a reaction to extant and future demands and pressures (APA, 
2022). It can come from any event or thought that makes a person feel frustrated, angry, or nervous. According 
to the APA, global stressors are increasing due to reasons such as covid-19, inflation, and political climate. 
Furthermore, 27% of adults reported that stress impacts their day-to-day functioning; in fact, they report that 
most days, they are so stressed that they cannot function (APA, 2022). According to Mayo Clinic (2021), stress 
can harm your body, mood, and behavior, such as headaches, chest pain, anxiety, sadness, irritability, or anger 
outbursts. Similarly, Yaribeygi et al. (2017) have talked about the criticality of stress's impact on our lives and 
how it “can be either a triggering or aggravating factor for many diseases and pathological conditions. Therefore, 
it is crucial to understand stress and stressors more and counter stress before it develops into a complex mental 
or physical problem.  

Many recent works have studied mental health and stress detection on social media as a proxy for identifying 
real-world stress and stressors (Naseem et al., 2022). This is because social media users often vent about their 
problems online and share their views, personal situations, and emotions with their followers, friends, and the 
public (Rastogi et al., 2022). Text-based social methods of communication are dominant when compared to 
verbal forms. This enables social media platforms to be a suitable medium with an ample amount of text content 
to study a user's thoughts and emotions. This led to many researchers praising and utilizing natural language 
processing (NLP) approaches to detect stress in social media (Sravanthi et al., 2020; Shao et al., 2021). State-of-
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the-art works in stress detection on social media primarily focus on fine-tuning language models on a stress-
labeled dataset (Rastogi et al., 2022; Naseem et al., 2022). Some works focused on studying much more fine-
grained features, such as lexical and sentiment characteristics of the social media textual context towards stress 
detection (Thelwall, 2017; Turcan and McKeown, 2019). However, we could study additional feature dimensions 
to detect stress in textual content. For example, previously mentioned definitions of stress and its side effects 
reveal a pattern of stress-related emotions. Such as anger, aggression, and frustration reactions. Moreover, 
researchers claim that stressed users might exhibit toxic behavior and post toxic content (de Mesquita Neto and 
Becker, 2018). This necessitates the need to shed light on the emotional and the toxic features and their 
correlation on stress detection.  

In our study, we hypothesize that emotions and toxicity features can correlate to stress labels alongside 
sentiment, which consequently influences the ss classification performance. We utilize state-of-the-art 
transformer-based pre-trained language models that were fine-tuned on social media content to extract 
sentiment, emotions, and toxicity features. Consequently, we use these extracted features to classify stress on 
social media posts. Furthermore, we conduct a feature correlation study to get a perspective on the effect of 
each individual sentiment, emotion, and toxic feature categories.  To the best of our knowledge, we are the first 
to study to which extent stress can lead to toxic expressions on social media.  

The major contributions of this paper are the following: 

● We investigate novel feature dimensions for stress detection, which involves different Toxicity 
categories alongside the existing sentiment and emotion feature dimensions. 

● We offer insights into how different emotion and toxic aspects relate to stress classification on social 
media. 

● Empirical evaluation on benchmark datasets shows that our approach can improve stress detection 
across multiple social media platforms. 

2. Related work 
Stress Detection has been studied by researchers on different social media platforms. Turcan and McKeown 
(2019) have tackled it from a lexical perspective, where they have used Linguistic Inquiry and Word Count (LIWC) 
to analyze the lexical features of stress. TensiStrength stress and relaxation datasets were built on a lexical 
approach and a set of rules to detect direct and indirect expressions of stress or relaxation (Thelwall, 2017). 
Mauriello et al. (2021) conducted a linguistic analysis of the sentences to understand whether the lexical 
patterns differed enough for relatively accurate classification on their short conversation SMS-like stress dataset. 
Rastogi et al. (2022) have used popular lexicon-based methods such as VADER, Afinn, and So-cal to classify stress 
based on the sentiment of the text. 

2.1 Sentiment analysis in stress detection 

Sentiment analysis is an essential part of stress detection and is implemented in nearly all the studies in this 
area. Rastogi et al. (2022) have classified stress based on the output of the sentiment analysis models such as 
VADER, Afinn, and So-cal. Turcan and McKeown (2019) have used the pattern sentiment library for the lexical 
features. Thelwall (2017) illustrated in their work how stress detection is similar to the existing task of detecting 
sentiment in text. In recent years, pre-trained transformer-based models have been used to extract sentiment 
from textual content. For example, Cardiff-NLP's model (Barbieri et al., 2020) is one of the cutting-edge NLP tools 
for sentiment extraction in social media content as stated by Camacho-Collados et al. (2022) and  Matos et al. 
(2022). Besides, this model has been implemented across multiple domains and related tasks, such as finance 
(Choya et al., 2022) and opinion polarity analysis (Medina et al., 2022). 

2.2 Emotional cues in stress detection 

Emotions play an integral part in stress detection. Rastogi et al. (2022) emphasize that analyzing mental health 
via text data can be done by recognizing emotions closely related to the state of stress/depression, such as 
anxiety, confusion, and annoyance. Users tend to post content with various negative expressions of emotions 
when stressed (Turcan and McKeown, 2019). Stress and negative emotions often co-occur, with each able to be 
a cause and effect of the other (Lazarus, 2006). Thelwall (2017) utilized a lexicon-based approach using terms 
related to anger and negative emotions. Mauriello et al. (2021) approach to stress detection is from the 
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emotional turmoil perspective, where stress results from the person’s inner perceptions, emotional distress, or 
anxiety. On the other hand, Rastogi et al. (2022) have focused entirely on emotion classification for stress 
detection when building datasets and models. For this means, their proposed model classifies the sentences into 
the six basic emotions theorized by Paul Ekman (1992) (i.e., anger, disgust, fear, joy, sadness, and surprise). We 
also employ Ekman’s model of core emotions because of its known useability in emotion categorization and 
psycho-linguistic studies (Rozado et al., 2022; Butt, 2022). 

2.3 Toxicity relation to stress in social media 

Toxicity and stress are often correlated. Fan et al. (2021) focused on the toxic language generated by people 
from all political spectrums who have taken social media sites like Twitter to vent their frustrations and give 
their opinions. Additionally, they stated that people become frustrated by the other group and start using toxic 
language. Similarly, de Mesquita Neto and Becker (2018) have claimed that in situations where stress is elevated, 
people tend to show toxic behavior and send toxic messages that contain complaining and insults. Emmerich et 
al. (2020) have suggested that a toxic behavior can be expressed when a person is under stress and finds an 
outlet to release stress. Moreover, Chong and Kwak (2022) introduced mental health and stress comments as 
toxicity triggers. Almerekhi et al. (2020) illustrate in their work that toxicity can be contagious and that toxic 
comments trigger other users to post toxic responses. Here we see a vicious cycle where stress influences toxic 
content and vice versa. Consequently, it motivates us to study the relationship between stress and toxicity in 
social media.  

3. Methodology        
In this section, we go through the proposed approach. Figure 1 indicates the model's architecture. As previously 
mentioned, our model and experiments aim to understand how emotion and toxicity affect stress detection. To 
this end, we use components to extract the emotion and toxicity of text. Mainly our approach consists of the 
following three feature extraction components: (1) a sentiment analysis component to extract the sentiment of 
text, (2) a toxicity component to detect the toxicity-related scores of a given text, and (3) an emotion analysis 
component that categorizes the emotion of the text.  

These components are based on pre-trained transformers, which are deep neural networks that learn the words' 
context and, consequently, the meaning via a mechanism known as self-attention, a form of differentially 
weighting the significance of each part of the input sentence when constructing word embeddings. These 
transformer architectures have reached prediction accuracies that match human annotations for text 
classification tasks (Devlin et al., 2018). We go through the details of each component in the following 
subsections. 

3.1 Sentiment analysis component 

To detect the general sentiment of text, we use an existing pre-trained transformer-based language model, 
RoBERTa, that was fine-tuned on millions of social media textual content (i.e., Tweets and posts) (F. Barbieri et 
al., 2020). This model outputs three scores, indicating the probability of the input text being positive, negative, 
or neutral. 

 

Figure 1: Our approach pipeline. It consists of Data input and preprocessing, Feature Extraction stage (i.e., 
Toxicity, Sentiment, and Emotions), Stress Classification, and Correlation Analysis. 
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3.2 Emotions analysis component 

Emotions were calculated using a publicly available Transformer Distil-RoBERTa-based model. This model was 
trained and fine-tuned on a combination of multiple emotion datasets for English, predicting Ekman’s (1992)  six 
basic emotions: anger, disgust, fear, joy, sadness, and surprise. The dataset used to train and fine-tune this 
model is diverse and is a combination of several publicly available datasets. The datasets include social media 
data from Twitter and Reddit, student self-post reports, and TV dialogs. Using such a diverse dataset increases 
the model's generalizability (Hartmann, 2022).  

3.3 Toxicity detection component 

To analyze the toxicity of the textual content, we used the state-of-the-art model, Detoxify (Hanu and Unitary 
team, 2020). Detoxify is based on transformer model BERT-base-uncased and has two variants, depending on 
the training set: (1) “Original” Detoxify, which is trained on Wikipedia comments, and (2) “Unbiased” Detoxify, 
which is trained based on the Jigsaw dataset. Both models output the probability of a given text in the following 
categories: toxicity, severe toxicity, obscene, threat, insult, and identity attack. We have tested our framework 
with both variants. Due to the performance similarity between the two variants, we use the Original Detoxify 
throughout the paper. 

4.  Experimental setting 
In this section, we present details about the datasets and the implementation details of feature extraction and 
stress classification. 

4.1 Datasets 

We selected multiple popular datasets curated around the stress detection task. Our focus was on versatile 
datasets that can showcase the performance of stress detection models and their interpretability. The datasets 
were of different textual lengths, from short Twitter tweets to long Reddit posts. All the datasets' contents were 
pre-processed by removing the usernames and links and duplicates in addition to converting the emojis to text. 
It is worth mentioning that not all datasets have balanced label distribution. A summary of the datasets used is 
in Table 1. We go through the details of each dataset in the following subsections. 

Table 1: Experimented Datasets and characteristics. The datasets are called balanced if the distribution of 
labels is around 50% (±5%). 

Datasets Label Balance  Topics (subreddits or hashtags) 
Dataset 

Collection 
Period 

Dreaddit 
Reddit 

(Turcan and 
McKeown, 

2019)  

balanced 

Interpersonal conflict, Mental illness, financial need: 
r/relationships, r/homeless, r/food pantry, r/assistance, 
r/stress, r/ptsd, r/almosthomeless,r/anxiety, 
r/survivorsofabuse, r/domesticviolence  

Between January 
2017 and 
November 2018. 

Social media 
articles 
Twitter 

(Rastogi, et 
al., 

 2022) 

Twitter-Full  
balanced  Stress and non-stress: 

#Stress, #Stressed, #Tired, #FeelingUseless, 
#MentalHealthMatters, #MentalHealth, #FeelingStressed, 
#IamStressed, #Fatigued, #PandemicBlues, #Happiness, 
#Happy, #Delighted,#Joy,#Blessed. Between 

September 2019 
and September 
2021. 

Twitter Non-
Advert 

unbalanced 

Social media 
articles 
Reddit 

(Rastogi et al., 
2022) 

Reddit Title 
balanced  Stress and non-stress: 

r\Stressed, r\Stress, r\Depressing, r\Depression  
r\MentalHealth, r\Happy, r\MadeMeSmile, r\MakeMeSmile, 
r\Wholesome. Reddit Combined 

unbalanced 
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4.1.1 Dreaddit 

Turcan and McKeown (2019) collected Reddit posts and then annotated them using Amazon Mechanical Turk 
(AMT) (Amazon Mechanical Turk, 2018) to determine whether the posts exhibited the stress of the person who 
posted. It is an excellent resource for analyzing Reddit corpus. The dataset excels due to its complex and diverse 
data and characteristics across multiple topics, as shown in Table 1. The dataset includes 3,553 posts and focuses 
on major stressful topics such as homelessness and domestic violence. Posts in Dreaddit are collected from 10 
subreddits. Naseem et al. (2022) used Dreaddit to investigate public health surveillance on social media and 
evaluate stress detection using social media posts. 

4.1.2  Social media articles: Twitter and Reddit 

Rastogi et al. (2022) collected a stress detection dataset from Reddit and Twitter. According to the datasets' 
creators, additionally, it effectively depicts the widespread stress levels caused by COVID-19. The two datasets 
were labeled automatically using a rule-based and pre-trained language model (PLM). They both include tweets 
and posts related to stress and non-stress topics, as shown in Table 1. In addition, the authors provided two 
Twitter datasets: (1) Twitter-Full: a dataset that includes all tweets, and (2) Twitter Non-Advert: which exclude 
tweets related to advertisements. Also, Reddit has two datasets: (1) Reddit Combined: includes posts body and 
title, and (2) Reddit Title: includes titles only. 

4.2 Implementation details 

Our experiment consisted of acquiring the scores for different toxicity categories mentioned in section 3.3. In 
addition to the six emotional features scores discussed in section 3.2 and the sentiment scores mentioned in 
3.1. That will give us a total of 14 features. The evaluation was based on our model's accuracy in detecting the 
label of stress and the F1 score, which is an essential metric due to some datasets' imbalanced labels. This micro-
averaging score will help us depict a comparable performance.  

In order to evaluate the effectiveness of the model, we conducted a comparative analysis using multiple 
classification algorithms, including Random Forest, Multi-layer Perceptron (MLP), Adaptive Boosting, Gradient 
Boosting, and Extreme Gradient Boosting (XGBoost). Our experiments indicated that, on average, gradient 
boosting achieved higher accuracy compared to other classification algorithms. Specifically, for the Dreadit and 
Reddit title dataset Twitter non-advert, a majority of the feature combinations yielded high accuracy when using 
Gradient Boosting. Thus, we use Gradient Boost to present the findings of our work, as demonstrated in Table 
2. Furthermore, for the Twitter-full dataset, Gradient Boosting was among the top performers in terms of 
accuracy. However, it was slightly behind the top performer, with an average difference of less than 1% 
compared to other algorithms. Please refer to Appendix Table A.1 for more details.   

We employed the StratifiedKFold cross-validation method to balance the class labels per fold and prevent 
overfitting to the dataset. Additionally, to examine the correlation and interpretability of the features, we 
utilized Pearson's correlation coefficient to measure the statistical relationship between variables. Furthermore, 
we conducted hypothesis testing using the P-value to confirm the statistical significance of our findings.  

5. Experiment results and discussion 

In this section, we show an ablation study where we reveal each feature set's influence on the stress detection 
task. To present and discuss our results, we categorize our experiment into the following two research questions. 

RQ1. Can we use emotions and toxicity as features to better detect stress?  

Our study shows that, yes, using emotions and toxicity can provide an improvement to the task of stress 
detection. Our experiment results in Table 2 show that combining all the features, including emotions and 
toxicity, gives us better F1 and accuracy scores. Moreover, we compare our results with the state-of-the-art 
baselines provided by the authors of the datasets Turcan and McKeown (2019) and Rastogi et al. (2022). Our 
Gradient boosting classifier with all three feature categories outperforms the lexical methods presented in the 
above papers. Also, for some datasets, our approach outperforms the transformer-based model. For example, 
in the Dreaddit dataset, the authors achieved an F1 score of 80.65% via the pre-training Bert-base model. In 
comparison, our approach accomplished an increase of 2.23% to the F1 score without the need to fine-tune a 
large language model-based classifier. Meanwhile, for the other datasets, the pre-trained Roberta model 
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achieved an average increase of 3.94% in the F1 score compared to our model. However, this difference in 
performance is minimal if we consider that our approach needed no language model training and fine-tuning on 
stress-labeled datasets. In particular, while our approach uses a maximum of 14 features and a simple classifier 
training to detect stress, the Roberta model uses millions of parameters with an extensive fine-tuning process. 
Therefore, in addition to the simplicity, the performance of our approach is competitive and can be relied on as 
a baseline for detecting stress. 

To further illustrate how significant each feature category is for the task of stress classification, we compare the 
average improvement when using sentiment alone versus when using sentiment, emotional, and toxicity. Here 
we observe an average improvement of 2.14% in accuracy and an average improvement of 1.85% in F1 score for 
all datasets. On the other hand, if we compare the average improvement when using the combinations of toxicity 
features and sentiment versus sentiment alone, we get an increase of 0.57% in accuracy and 0.7% in the F1 
score. Here we emphasize that our aim in this study is not to build the best-performing stress classifier but to 
study the influence of toxicity and emotions on the task at hand. As a result, we conducted further analysis of 
our next research question to examine the proposed features and their implication for stress detection. 

Table 2: Overall stress detection performance (Gradient Boosting model) using Accuracy and F1 scores. We 
mainly focus on F1 due to imbalanced labeling in some datasets. 

 
RQ2. Which sentiment, emotion, and toxic aspects benefit stress detection the most? 

This research question explores the influence of all the sentiment, emotion, and toxic features on the stress 
label via correlation analysis. We started by studying the affect of different sentiments on stress detection. As 
shown in Table 3, the positive sentiment has the highest inverse correlation for the stress label for all datasets, 
with an absolute average of 0.67. Additionally, the negative sentiment is directly correlated to the stress label 
for all datasets, with an absolute average of 0.59. Sentiment analysis is an essential part of stress detection and 
has been implemented in previous research Rastogi et al. (2022) and Thelwall (2017). We observe that neutral 
sentiment has conflicting correlations across the different datasets. We attribute this abnormality to the dataset 
labeling process. For instance, Turcan and McKeown (2019) Dreaddit dataset annotation was manual, and the 
annotators were instructed to label a post as stressful only if that post displayed stress and a negative attitude. 
In contrast, Rastogi et al. (2022) labeling process labeled a post as stressful if that post displayed stress and 
either a neutral or negative attitude. As a result, we see a positive correlation between the stress label to the 
neutral sentiment in the (Rastogi et al., 2022) datasets.  

For Emotions, we observe that the emotion of Joy is inversely correlated to stress, and it shows the most 
emotional absolute average correlation, with an absolute average of around 0.54. Sadness and Fear are directly 
correlated to stress and only show an average weak correlation of around 0.25 and 0.27, respectively, across all 
datasets. We found that these findings are consistent with the definition of stress and its relationship with 
different types of emotions (Mental Health Foundation, 2021; Mayo Clinic, 2021). Even though Anger emotion 
was mentioned in many definitions of stress and stress behavior (MedlinePlus, 2016; Mental Health Foundation, 
2021) and (APA, 2022; Mayo Clinic, 2021), it has a weaker correlation with an average of 0.16. This tells us that 
not all stress-related emotions will appear in social media textual content. Moreover, based on our observations, 
the average correlations of Disgust and Surprise to stress are relatively much lower than other emotions. 
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Table 3: Pearson correlation scores for all features extracted across all datasets. We bold the feature with the 
most correlation for every feature set for all datasets. The asterisk * features have p>0.05.  

Feature/ Dataset Dreaddit Twitter 
Full 

Twitter Non-
Advert 

Reddit 
Combined 

Reddit 
Title 

Absolute 
Average 

Correlation 
|r| 

 

Negative  0.610 0.513 0.47 0.624 0.766 0.597 

Positive  -0.481 -0.686 -0.696 -0.71 -0.807 0.676 

Neutral  -0.398 0.463 0.444 -0.007* 0.225 0.307 

 

Joy  -0.260 -0.582 -0.554 -0.622 -0.664 0.536 

Sadness  0.162 0.258 0.211 0.246 0.402 0.256 

Fear  0.285 0.339 0.360 0.15 0.22 0.271 

Anger  0.107 0.165 0.148 0.121 0.261 0.160 

Disgust  0.061 0.162 0.16 0.100 0.219 0.140 

Surprise  -0.082 -0.049 -0.102 -0.131 -0.117 0.096 

 

 

Insult  0.089 0.102 0.090 0.085 0.125 0.098 

Obscene 0.151 0.079 0.047 0.123 0.131 0.106 

Threat  0.058 0.044 0.046 0.057 0.121 0.065 

Severe Toxicity 0.085 0.052 0.0278* 0.067 0.126 0.072 

Identity Attack 0.054 0.056 0.085 0.054 0.038 0.057 

 
Finally, we observe that the toxicity features' presence is mainly in the Insult and Obscene categories, with an 
average Pearson correlation of about 0.1, and 0.106, respectively. Nonetheless, other toxicity categories, such 
as Threat, Severe Toxicity, and Identity Attack, show an average below 0.1 to stress textual content. Despite toxic 
behavior being linked to stress, as other researchers have suggested (Fan et al., 2021; de Mesquita Neto and 
Becker, 2018; Emmerich et al., 2020), we observe a weak correlation between stress and toxicity. Consequently, 
indicating that a stressed person does not necessarily exhibit toxic behavior. 

To summarize, the correlation coefficients were statistically significant, revealing that Positive and Negative 
sentiments and the emotions of (joy, sadness, and fear) are essential features for stress detection. Moreover, 
contradictory to what has been stated in stress and stress behavior definitions and related works, the anger 
emotions and toxicity features show a much weaker correlation to stress. This indicates that a stressed person 
does not always exhibit toxic behavior. 

6. Conclusion and future work 
Stress is crucial to detect with all means possible. Stress in social media can be detected more accurately if we 
include meaningful features. Our approach of using toxicity and emotional features in addition to the sentiment 
features shows potential compared to the baselines. Although including emotion and toxicity features improve 
stress detection, the performance difference indicates there is still room for improvement. We have shown that 
in a subset of features, such as positive and negative sentiment, the emotion of joy correlates mostly with stress. 
On top of that, some emotions, such as sadness and fear, have a weak to moderate correlation to stress. 
Moreover, based on the previously mentioned stress definitions and behaviors, the anger emotion should 
significantly correlate to stress. However, our observation is that anger emotion only shows a low correlation to 
stress. Similarly, related works claim stress and toxicity behavior are linked, yet we observe toxicity features 
having a weaker correlation than previously mentioned features.  
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A limitation we faced was finding a fairground to compete with pre-trained transformer baselines. As we have 
mentioned, our approach achieved competitive performance results. We stipulate that by fusing our acquired 
features with textual embedding, we can achieve greater accuracy and F1 scores. Nonetheless, that can be a 
future project to create a robust, generalizable stress classifier. Moreover, the bias in data selection might affect 
the toxicity and stress relationship analysis. For instance, there is a potential that the posts expressing stress in 
a toxic manner were not collected nor permitted to remain on the social media platform due to possibly violating 
community guidelines or being too toxic (Twitter Help Center, 2019; Reddit, 2019).  

An interesting future direction is to explore classification bias and generalizability. Previous studies have shown 
that bias and generalizability are connected, and debiasing machine learning and deep learning models can lead 
to more generalization (Chuang, 2021). Additionally, we plan to explore some aspects of stylometry (writing 
style of the user), such as punctuation, as seen in the work of (Karami, 2022) but in the context of stress 
detection. 
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Appendix: 
Table A.1: Additional detailed results comparing multiple classification algorithms  
(Gradient boosting= GB, random-forest=RF, Multi-layer Perceptron= MLP, ADA boosting= ADAB, XGboost= 

XGB) 

Feature set / 
Accuracy 

GB RF MLP 
 

ADAB 
 

XGB GB RF MLP 
 

ADAB 
 

XGB 

Dreadit Reddit title 

Toxicity features 68.44 66.31 61.17 68.26 69.5 71.13 67.33 56.56 65.16 67.78 

Emotional 
features 75.35 74.11 78.01 74.11 74.82 89.14 89.32 88.24 88.33 88.6 

Sentiment 
features 81.56 76.42 80.5 79.96 81.21 90.59 89.14 90.23 90.59 90.5 

Toxicity, 
Emotional 
features 

77.13 75.35 74.82 76.42 76.42 90.11 89.32 88.42 88.96 89.5 

Sentiment, 
Emotional 
features 

80.32 80.14 81.21 79.43 80.67 91.49 91.49 91.86 91.04 91.76 
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Feature set / 
Accuracy 

GB RF MLP 
 

ADAB 
 

XGB GB RF MLP 
 

ADAB 
 

XGB 

Dreadit Reddit title 

Toxicity features 68.44 66.31 61.17 68.26 69.5 71.13 67.33 56.56 65.16 67.78 

Emotional 
features 75.35 74.11 78.01 74.11 74.82 89.14 89.32 88.24 88.33 88.6 

Sentiment 
features 81.56 76.42 80.5 79.96 81.21 90.59 89.14 90.23 90.59 90.5 

Toxicity, 
Emotional 
features 

77.13 75.35 74.82 76.42 76.42 90.11 89.32 88.42 88.96 89.5 

Sentiment, 
toxicity features 81.21 80.14 80.32 79.79 80.67 91.68 91.04 91.04 90.68 91.4 

All features 82.37 80.67 80.32 78.19 81.21 92.04 91.58 91.67 92.04 92.58 

 

Feature set / 
Accuracy 

GB RF MLP 
 

ADAB 
 

XGB GB RF MLP 
 

ADAB 
 

XGB 

Twitter non-advert Reddit combi 

Toxicity features 68.1 65.57 57.72 66.33 66.33 87.84 87.2 87.68 87.2 88.0 

Emotional 
features 81.27 80.25 79.75 80.51 81.01 91.04 91.36 91.84 92.48 91.85 

Sentiment 
features 80.51 78.67 81.4 81.28 81.16 91.52 91.2 92.16 91.52 91.04 

Toxicity, 
Emotional 
features 

82.28 79.75 80.25 81.52 81.77 91.68 92.0 92.32 92.16 91.84 

Sentiment, 
Emotional 
features 

83.8 84.56 84.56 81.77 83.54 92.16 92.8 93.6 92.16 92.8 

Sentiment, 
toxicity features 81.27 81.77 82.53 80.76 82.03 92.03 91.68 92.48 91.04 91.2 

All features 85.06 84.3 85.06 83.29 83.8 92.96 92.48 93.28 92.32 92.0 
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