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Abstract

This thesis focuses on context-aware toxicity detection. Most existing work ignores the
conversational context, focusing on context-unaware datasets training toxicity detectors
that learn to disregard the conversational context. This makes the detection of posts whose
perceived toxicity depends on the conversational context a lot harder. This work utilizes
the CCC dataset, a new context-aware dataset of 10,000 posts, created by Google Jigsaw and
the AUEB NLP group, containing both context-aware and context-unaware annotations.
In the first case, annotators had access to the previous post of the conversation. Based
on this dataset, this work introduces a new task, context sensitivity estimation, which
aims to identify posts whose perceived toxicity changes if the context (previous post) is
also considered. Then, traditional machine learning algorithms along with more complex
NLP models are evaluated on this task achieving low error. These systems can further be
improved by using data augmentation with knowledge distillation. Context sensitivity
estimation systems could be used in order to enrich toxicity datasets with more context-
sensitive posts. Moreover they can be used as a suggestion tool to moderators, advising
them when to consider the parent posts, which may often be unnecessary and may

otherwise introduce significant additional cost.
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Introduction

1.1 Motivation and Problem Statement

Social Media are platforms where millions of people interact and communicate with
each other on a daily basis. However, social media platforms are not always civil, with
multiple users being toxic towards others, causing them to leave a conversation or stopping
them from sharing their perspective. Thus, moderation is crucial in order to promote
healthy conversations online. Artificial intelligence and more specifically Natural Language
Processing (NLP) can be used in order to automate moderation. A lot of work has been
done towards this area in the previous years, but most of this work ignores the context of
the conversation of the target post that is going to be classified as toxic or not, making the

detection of context-sensitive toxicity a lot harder when it occurs.

In this work, context is considered to be any information relevant in order to decode the
meaning and intention of a post. When the context is not present, the interpretation of
a post can be more ambiguous. Therefore context can be very useful in order to create
datasets with high-quality context-aware annotations with high inter-annotator agreement,
or when more information is needed in order to decode the intention of a post regarding

its perceived toxicity.

Given this approach, this work focuses on the past conversational context, specifically the
previous post in a discussion. For instance, a post “Of course, they should!!” is likely to be
considered as non-toxic by a moderator who has not seen that the parent post was “Do

you believe that all minorities should die?”.

Although toxicity datasets that include conversational context have recently started to
appear, in previous work Pavlopoulos, Sorensen, et al. (2020a) showed that context-sensitive
posts (i.e. posts whose perceived toxicity depends on the conversational context) seem to be
rare and this makes it hard for models to learn to detect context-dependent toxicity when
it occurs. In this work, to study this problem, a context-aware dataset of 10,000 posts was
used. Each of these posts was annotated by raters who (i) had access to the previous (parent)
post as context during the annotation, apart from the post being annotated (the target

post), and by raters who (ii) did not have any context during the annotation process.

'The dataset is released under a CCO licence. See http://nlp.cs.aueb.gr/publications.
html for the link to download it.


http://nlp.cs.aueb.gr/publications.html
http://nlp.cs.aueb.gr/publications.html
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As a first step to study the role of conversational context in toxicity detection, in this
work, the context is limited to the previous post of the thread as in (Pavlopoulos, Sorensen,
et al., 2020a). In their work, the authors mentioned some basic challenges of studying
context. First of all, it is expensive and can be time consuming to consider it on crowd-
sourcing platforms, because ensuring that a person has in fact considered the context
is hard. Secondly providing the annotators with more context and more subtle kinds of
context in general, makes it a lot harder for the annotators to account for it. Moreover

context sensitive toxicity in posts is also rare.

Then, the context-aware dataset is used to study the nature and the role of context sensitiv-
ity in toxicity detection, and a new task is introduced, context sensitivity estimation, which
aims to identify posts whose perceived toxicity changes if the context (previous post) is
also considered. Using the dataset, it is also shown that it is possible to develop systems
that can achieve low error on this new task. Such systems could be used to enhance toxicity
detection datasets with more context-sensitive posts. Moreover they can be used as a
suggestion tool to moderators, advising them when to consider the parent posts, which

may often be unnecessary and may otherwise introduce significant additional cost.

1.2 Thesis Structure

The rest of the thesis is organised as follows:

1. Chapter 2 discusses background and related work.

[\

. Chapter 3 presents the new dataset and the new task (context-sensitivity estimation).

w

. Chapter 4 presents the models and their architectures.

o~

. Chapter 5 contains the experimental results.

8]

. Chapter 6 discusses the conclusions and the future work.

Chapter 1 Introduction



Background and Related Work

2.1 Background

In this chapter we remind the reader of some basic concepts that they should know in
order to attend the thesis. First, we remind the reader what machine learning is and more
specifically what deep learning is. Then we give some basic background knowledge for

the toxicity detection task. Finally, we explain what data augmentation is.

2.1.1 Machine Learning

Machine learning is a sub-field of artificial intelligence. It studies algorithms and systems
that can make decisions with minimal human intervention. It is based on the idea that data
can be used in order to help systems learn. There are four subcategories of machine learning;
supervised learning, unsupervised learning, semi-supervised learning and reinforcement

learning.

Supervised Learning relies on learning from labeled data. In this type of learning,
datasets are used, containing data points (instances) whose ground truth has been labeled
by one or more humans. This means that in supervised learning a training dataset includes

inputs and correct outputs, which allow the model to learn over time.

Unsupervised Learning relies on learning from unlabeled data. It uses machine learning
algorithms to analyze and cluster unlabeled datasets. These algorithms discover hidden

patterns or data groupings without the need for human intervention.

Semi-supervised Learning involves a small number of labeled data and a large number
of unlabeled data. Unlabeled data, when used in conjunction with a small amount of

labeled data, can produce considerable improvement in a model’s performance.

Reinforcement Learning is a machine learning method where a model learns how to
make a sequence of decisions, and it is often rewarded (or penalized) only at the end of
the sequence of decisions. The model, often called an agent, learns to achieve a goal in an

uncertain, potentially complex environment.
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2.1.2 Deep Learning

Deep learning (Goodfellow et al., 2016; Goldberg et al., 2017) is a sub-field of machine
learning, where deep neural network architectures are developed in order to solve the
same problems that traditional machine learning is trying to solve. In this thesis both
traditional machine learning algorithms (e.g., random forests (Ho, 1995)) and deep learning
models were used but this thesis focus more on the deep learning models as they are most

often the state-of-the-art methods to use.

2.1.3 Toxicity Detection

Toxicity detection is a well-known NLP task, where machine learning techniques are
employed, in order to create systems that automatically detect toxic content in online
platforms, social media or more generally in platforms where people interact. In this
thesis we focus on detecting toxic posts. Some people define a post as toxic, if it is a very
hateful, aggressive, or disrespectful comment that is very likely to make someone leave
a discussion or give up on sharing his perspective (Borkan et al., 2019). Following the
work of Pavlopoulos, Sorensen, et al. (2020b) this work uses the term ‘toxic’ as an umbrella
term, but the literature uses several terms for different kinds of toxic language or related
phenomena: ‘offensive’ (Zampieri et al., 2019), ‘abusive’ (Pavlopoulos, Malakasiotis, and
Androutsopoulos, 2017a), ‘hateful’ (Djuric et al., 2015; ElSherief et al., 2018; Zhang et al.,
2018), etc. As Waseem, Davidson, et al. (2017) observed, there are also taxonomies for
these phenomena based on their directness (e.g., whether the abuse was unambiguously
implied/denoted or not), and their target (e.g., whether it was a general comment or

targeting an individual/group).

2.1.4 Data Augmentation

Data augmentation in data analysis includes various techniques used to increase the
amount of training data. This can be achieved by adding slightly modified copies of already
existing training instances or newly created synthetic data from existing data or in a semi-
supervised fashion by adding new machine-labeled data to the training set (Feng et al.,
2021; Bayer et al., 2021). It sometimes acts as a regularizer and helps reduce overfitting

when training a machine learning model (Shorten et al., 2019).

2.2 Related Work

This section describes related work by following three dimensions. First, it describes

work regarding toxicity detection. Second, it focus on context-aware natural language

Chapter 2 Background and Related Work



processing approaches. Finally, it describes work that tackles classification tasks with

regression-based approaches.

Toxicity detection

Abusive language detection is not an easy task due to its subjective nature. Victims are
getting attacked by cyberbullies on different topics such as gender, race, and religion across
multiple Social Media Platforms (Agrawal et al., 2018). Thus, in a different context, the
vocabulary used and the perceived meaning of words may vary when abusive language
occurs. In order to tackle the problem of abusive language detection, researchers have
been experimenting with several approaches. Initially machine learning techniques using
hand crafted features such as lexical features, syntactic features, etc. (Davidson et al., 2017;
Waseem and Hovy, 2016; Djuric et al., 2015) were used. Then, deep learning techniques
were employed, operating on word embeddings (Park et al., 2017; Pavlopoulos, Malaka-
siotis, and Androutsopoulos, 2017b; Pavlopoulos, Malakasiotis, Bakagianni, et al., 2017;
Chakrabarty et al., 2019; Badjatiya et al., 2017; Haddad et al., 2020; Ozler et al., 2020). These
techniques seem to work better for this task than the traditional machine learning methods

based on handcrafted features (Badjatiya et al., 2017).

Researchers have publicly released a lot of datasets containing different types of toxicity,
to help expand the research on this field. The first corpus annotated for abusive language
was developed by Nobata et al. (2016). This dataset comprises user comments posted on
Yahoo Finance and News. Wulczyn et al. (2017) created and experimented with three new
datasets; the “Personal Attack” dataset where 115K comments from Wikipedia Talk pages
were annotated as containing personal attack or not, the “Aggression” dataset where the
same comments were annotated as being aggressive or not, and the “Toxicity” dataset
that includes 159K comments again from Wikipedia Talk pages that were annotated as
being toxic or not. Waseem and Hovy (2016) annotated by themselves a corpus for hate
speech detection of more than 16k tweets, containing sexist, racist and non-toxic posts.
Most of the published toxicity datasets contain posts in English, but datasets in other
languages also exist, such as French (Chiril et al., 2020), Greek (Pavlopoulos, Malakasiotis,
and Androutsopoulos, 2017a), German (Ross et al., 2016; Wiegand et al., 2018), Arabic
(Mubarak et al., 2017) and Indonesian (Ibrohim et al., 2018).

Context-aware NLP

The integration of context into human language technology has been successfully applied to
various applications and domains. Context plays a central role in text/word representation
(Mikolov et al., 2013; Pennington et al., 2014; Melamud et al., 2016; Peters et al., 2018;

Devlin et al., 2019). Integrating context is important in the sentiment analysis task too,

2.2 Related Work
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where the semantic orientation of a word changes according to the domain or the context
in which that word is being used (Agarwal et al., 2015). Vanzo et al. (2014) examined
the role of incorporating contextual information in supervised Sentiment Analysis over
Twitter. They experimented with two different types of contexts, a conversation-based
context and a topic-based context, which includes several tweets in the history stream that
contain overlapping hashtags. In their work, each tweet and its context were modeled as a
sequence of tweets and they used a sequence labeling model, SVM™M  to predict their
sentiment labels jointly. The authors found that these employed contexts provide benefits
in sentiment classification. Ren et al. (2016) proposed a context-based neural network
model for Twitter sentiment analysis, incorporating contextualized features from relevant
tweets into the model in the form of word embedding vectors. They experimented with
three types of context, a conversation-based context, an author-based context and a topic-
based context. They found that integrating contextual information about the target tweet
in their neural model offers improved performance compared with the state-of-the-art,
discrete and continuous word representation models. They also reported that topic-based

context features were the most effective for this task.

While context is widely used in other Natural Language Processing (NLP) tasks, such as
dialogue systems (Lowe et al., 2015; Dusek et al., 2016), informational bias detection (Berg
et al., 2020) etc., very limited work has focused on context-aware toxic language detection.
Gao et al. (2017) provided a corpus for hate speech detection. The dataset contains posts
under Fox News articles obtained from full threads of online discussion. The authors
proposed two types of hate speech detection models, that incorporate context information,
a logistic regression model with context features and a neural network model with learning
components for context. They reported performance gains in F1 score when incorporating
context and that, combining these two models further improved the performance by
another 7% in F1 score. Mubarak et al. (2017) provided the annotators with the title of the
respective news article, but they ignored parent comments since they did not have the
entire thread. As Pavlopoulos, Sorensen, et al. (2020a) already observed, this presents the
following problem: new comments may change the topic of the conversation and replies
may require the previous posts to be assessed correctly. Pavlopoulos, Malakasiotis, and
Androutsopoulos (2017a) provided the annotators with the whole conversation thread
for each target comment as context during the annotation process. The plain text of the
comments for this dataset is not available, which makes further analysis difficult. In later
work Pavlopoulos, Sorensen, et al. (2020a) published two new toxicity datasets containing
posts from the Wikipedia Talk pages, where during the annotation process, annotators
were provided with the previous post in the thread and the discussion title. The authors
found that providing annotators with context can result both in amplification or mitigation
of the perceived toxicity of posts. Moreover, they found no evidence that context actually
improves the performance of toxicity classifiers. In a similar work that was conducted by
Menini et al. (2021), the authors investigated the role of textual context in abusive language

detection on Twitter. They first re-annotated the tweets in the dataset from (Founta et al.,
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2018) in two conditions, i.e. with and without context. After comparing the two datasets
(with and without context-aware annotations) they found that the context is sometimes
necessary to understand the real intent of the user, and that it is more likely to mitigate
the abusiveness of a tweet even if it contains profanities. Finally they experimented with
several classifiers, using both context-aware and non-context-aware architectures. Their
experimental results showed that when context is given as input to the classifiers and
they are evaluated on context-aware datasets, their performance drops dramatically as
opposed to when context is not given as input and they are evaluated on non-context-aware

datasets.

Regression as classification in NLP

Although unusual, approaching a text classification problem as a regression-based problem
has been tested by researchers in various Natural Language Processing tasks, such as
sentiment analysis (Wang et al., 2016), emotional analysis (Buechel et al., 2016), metaphor
detection (Parde et al., 2018), toxicity detection, etc. Wulczyn et al. (2017) proposed a
regression-based evaluation method for a classifier, in terms of the aggregated number of
crowd-workers it can approximate for personal attacks detection. The authors observed
that using the empirical distribution of human-ratings, instead of the majority vote when
estimating the likelihood of a post to be personal attack or not, produces a better classifier.
D’Sa et al. (2020) experimented on the toxicity detection task, using the English Wikipedia
Detox corpus. They designed both binary classification and regression-based approaches
aiming to predict whether a comment is toxic or not. They examined and compared
different unsupervised word representations and different deep learning based classifiers.
In most of their experiments, they found that the regression-based approach showed
slightly better performance than the classification setting which is consistent with the
findings of Wulczyn et al. (2017).

2.2 Related Work






Dataset

3.1 Collecting the Data

This work utilizes the Civil Comments in Context (CCC) dataset that was created by Google
Jigsaw ! and the AUEB NLP group.? CCC was created by randomly sampling 10,000 posts
from the Civil Comments (CC) dataset (Borkan et al., 2019). While in CC, each post was
annotated by ten annotators who did not have access to any conversational context, in
CCC each post was annotated by 5 annotators who had access to the previous post in the
discussion (parent post) as context. Each CCC post was rated either as NON-TOXIC, UNSURE,
TOXIC, Oor VERY TOXIC, as in the original CC dataset. To simplify the problem the latter two
labels were unified in both CC and CCC annotations. To obtain the new in-context labels
of CCC, the APPEN platform and five high accuracy annotators per post (annotators from
zone 3, allowing adult and warned for explicit content) were used, selected from 7 English
speaking countries, namely: UK, Ireland, USA, Canada, New Zealand, South Africa, and

Australia.® The constructing cost of CCC was 2,865 euros.

3.2 Explanatory Data Analysis

The inter-annotator agreement of this dataset was measured with the free-marginal kappa
and the average (mean pairwise) percentage agreement. They were found to be 83.93% and
92% respectively. In only 71 posts (0.07%) an annotator said UNSURE, meaning annotators
were confident in their decisions most of the time. These 71 posts were excluded from
our study, as there are too few to generalize about. When counting the average length (in
characters) of the target and the parent posts in CCC, the first is only slightly lower than
the latter (see figure 3.1). The same holds when counting in words: 56.5 vs. 68.8 words on
average (see figure 3.2 and 3.3). To obtain a single toxicity score per post, the percentage
of the annotators who found the post to be insulting, profane, identity-attack, hateful, or
toxic in another way (all toxicity sub-types provided by the annotators were collapsed to a
single toxicity label) was calculated and used as a continuous toxicity score. This is similar

to arrangements in the work of Wulczyn et al. (2017), who also found that training using

'https://jigsaw.google.com/

*http://nlp.cs.aueb.gr/

*Populous majority English-speaking countries were chosen. The most common country of origin was the
USA.


https://jigsaw.google.com/
http://nlp.cs.aueb.gr/

the empirical distribution (over annotators) of the toxic labels (a continuous score per post)
leads to better toxicity detection performance, compared to using labels reflecting the

majority opinion of the raters (a binary label per post). See also Fornaciari et al. (2021).
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CCC contains 10,000 posts for which both context-aware annotations (in-context or 1c)
and context-unaware annotations (out-of-context or oc) are available. Figure 3.4 shows
the number of posts (Y axis) per ground truth toxicity score (X axis). Orange (dashed)
represents the ground truth obtained by annotators who were provided with context (the
parent post) when rating (1c), while blue is for annotators who rated the post without
context (oc). The vast majority of the posts were unanimously perceived as NON-TOXIC
(0.0 toxicity), both by the oc and the 1c coders, showing that CCC is a heavily imbalanced
dataset. However, when context was provided to the annotators (1c coders), fewer posts
were found with toxicity greater than 0.2, compared to annotators who did not have access
to any context (oc coders). This is consistent with the findings of Pavlopoulos, Sorensen,
et al. (2020a), where the authors observed that when the parent post is provided, the
majority of the annotators perceive fewer posts as toxic, compared to showing no context
to the annotators. To study this further, in this work we compared the two annotation

scores (IC, oC) per post, as discussed in the next section.

3.3 Defining Context Sensitivity

For each post p, we define 5°“(p) to be the toxicity score (fraction of coders who perceived
the post as toxic) derived from the 1c coders and s°“(p) to be the toxicity derived from the
oc coders. Then, their difference is §(p) = s°¢(p) — s°(p). A positive § means practically
that context mitigated the perceived toxicity of the annotators for this post, while a negative

0 means that the context amplified the perceived toxicity of the annotators. Figure 3.5

shows that § is most often 0, but when the toxicity score changes, § is most often positive.

In numbers, in 66.1% of the posts the toxicity score remained unchanged while out of the

remaining 33.9%, in 9.6% it increased (960 posts) and in 24.2% it decreased (2,408) when

3.3 Defining Context Sensitivity
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Fig. 3.4.: Histogram (converted to curve) showing the distribution of toxicity scores according to
annotators who were (1c) or were not (oc) given the parent posts.

context was provided. By binarizing the ground truth we get a similar trend, but with the

toxicity of more posts remaining unchanged (i.e., 94.7%).
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Fig. 3.5.: Histogram of context sensitivity. Negative (positive) sensitivity means the toxicity in-
creased (decreased) when context was shown to the annotators.

Figure 3.6 shows that when counting the number of posts for which |J| exceeds a given
threshold ¢, called context-sensitive posts, as t increases, the number of context sensitive
posts decreases. This means that clearly context sensitive posts (e.g., in an edge case, ones
that all oc coders found as toxic while all 1c coders found as non toxic) are rare. Some

examples of target posts, along with their parent posts and 6, are shown in Table 3.1.
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PARENT OF POST D POST p s9%(p) | s%(p) )
Oh Don..... you are soooo predictable. | oh Chuckie you are such a tattle tale. 36.6% 80% -43.4%
Oh Why would you wish them well? | “They"? Who is they? Do all Chinese 70% 0% 70%

They’ve destroyed the environment in
their country and now they are coming
here to do the same.

look alike to you? Or are you just re-
vealing your innate bigotry and racism?

Tab. 3.1.: Examples of context-sensitive posts in ccc. Here s9¢(p) and s'€(p) are the fractions of
out-of-context or in-context annotators, respectively, who found the target post p to be

toxic; and & = s9€(p) — s'(p).

3.3 Defining Context Sensitivity
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System Design and
Implementation

In this section we describe the deep neural network architectures that were used for
the experiments of this work. These systems can be divided into two categories. The
first category comprises the systems that are context-unaware (i.e. they do not have any
mechanism to integrate contextual information about the conversation). On the other
hand we have the systems that have a context-aware mechanism in order to integrate
context. As we discuss in section 5, some traditional machine learning algorithms were
also used (e.g. Linear Regression, Support Vector Regression etc.) but in this chapter we

do not discuss them, as they are very well known.

4.1 Context-Unaware Architectures

BERTT Our first context-unaware model is a BERT (Bidirectional Encoder Representa-
tions from Transformers (Devlin et al., 2019) regressor. BERT is pre-trained (to predict
masked tokens and whether or not two sentences are consecutive or not) on a large corpus
of text documents from Wikipedia, and uses Transformers (Vaswani et al., 2017). Using
transfer learning, typically adding just a task-specific dense layer on top of the pre-trained
model and training ("fine-tuning") on task-specific training instances, BERT is able to get
state-of-the-art results on many NLP tasks. We fine-tuned BERT on the training subset
of each experiment, with a task-specific regressor on top, fed with BERT’s top-level em-
bedding of the [CLS] token, which is intended to represent the entire input text. We used
BERT-BASE pre-trained on cased data, with 12 layers and 768 hidden units and 110M
parameters in total. We only unfreezed the top three layers during fine-tuning, with a
small learning rate (2e-05) to avoid catastrophic forgetting. The task-specific regressor is a
feed-forward neural network (FFNN) that consists of a dense layer (128 neurons) and a
tanh activation function, followed by another dense layer (see figure 4.1). The last dense
layer has a single output neuron, with no activation function, that produces the context

sensitivity score.

PERSPECTIVE Our second context-unaware model is PERSPECTIVE. It is a CNN-based

model created by Jigsaw and Google’s Counter Abuse Technology team for toxicity detec-
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tion. It is trained on millions of user comments from online publishers and conversations.
It is publicly available through the PERSPECTIVE API .

Context Sensitivity

FFNN
e [0 T J ]
I I
BERT
[reg | [ | [0 [ [rn ][0 ]

Target: [CLS] Yes i am.

Fig. 4.1.: BERTr architecture.

4.2 Context-Aware Architectures

CA SEP BERT Our first context-aware model is CA SEP BERT. It is a BERT-based model
with a simple context-aware mechanism added, and the same task-specific regressor as in
the simple BERTr model. This model does not use a separate encoder for the parent post
(context), however it concatenates the text of the parent and target posts, separated by
BERT’s [SEP] token, as in BERT’s next sentence prediction pre-training task (see Fig. 4.2).

We used the training subset to fine-tune the model.

PcT BERT Our second context-aware model is PcT BERT. It is a BERT-based model with a
more complex context-aware mechanism added, and the same task-specific regressor as in
the simple BERTr model. This model uses a separate encoder for the parent post (context),
then the 2 representations of the [CLS] tokens (parent and target) are concatenated and
passed to a similar FFNN as in the simple BERTr model (see Figure 4.3). We used the

training subset to fine-tune the model.

'https://www.perspectiveapi.com/
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Fig. 4.3.: PcT BERT architecture.
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Experiments

5.1 Evaluation Metrics

In this section we describe the evaluation metrics that were used in our experiments. Our
systems are regressors but we evaluate them also as classifiers, therefore we use both

regression and evaluation metrics that we describe below.

5.1.1 Regression Metrics

Mean Squared Error Our first regression metric is the mean squared error (MSE). This
measure indicates how close a regression line is to a set of points. It takes the distances
of the points to the regression line (these distances are the “errors”) and squares them.
Because of this squaring term, MSE is sensitive to outliers (i.e. it gives more weight to

larger differences). The lower the MSE, the better the predictions of the regressor.

MSE = =3 (5 — ) 5.1)

n ;=1

Equation 5.1 presents the mathematical formula of MSE, where y; is the ground truth and

i is the model’s prediction.

Mean Absolute Error Our second regression metric is the mean absolute error (MAE).
This measure also indicates how close a regression line is to a set of points. It takes the
absolute distances of the points to the regression line (these distances are the “errors”)
without squaring them. MAE is not sensitive to the outliers but is a metric more com-
prehensible and easier to interpret. The lower the MAE, the better the predictions of the

regressor.

1 B
MAE = - 21 \vi — i (5.2)
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Equation 5.2 presents the mathematical formula of MAE, where y; is the ground truth and

i is the model’s prediction.

5.1.2 Classification Metrics

Area Under Precision-Recall Curve (AU PR) Our first classification metric is the area
under the precision-recall curve (AU PR) score. Here we used the total area under the
precision-recall curve (Davis et al., 2006). The precision-recall curve shows the trade-off
between precision and recall for different threshold. A high area under the curve represents
both high recall and high precision, where high precision relates to a low false positive

rate, and high recall relates to a low false negative rate.

Precision The precision of the positive class is a measure to evaluate how the model
actually performs on predicting the positive class. It is the fraction of the number of
comments that the model classified as positive and they actually were (also known as
“true positives”), divided by the number of the total comments that the model classified as

positives.

TP
PT‘GC?:S’I:OTL = m (53)

Recall also known as sensitivity quantifies the number of true positive class predictions
made by the model out of all positive examples in the dataset. It is the fraction of the total

amount of relevant instances that were actually retrieved.

TP
Recall = m (54)

ROC AUC Our second classification metric is the ROC area under the curve (AUC) score.
Here we used the total area under the ROC curve (AUC) (Bradley, 1997). This is a standard
classification metric that gives the performance of a binary classifier averaged over all
possible trade-offs between true positive predictions and false positive predictions. The
ROC curve is created by plotting the true positive rate (TPR) against the false positive
rate (FPR) at various threshold settings. The true-positive rate is also known as sensitivity,
recall or probability of detection. The false-positive rate is also known as probability of
false alarm and can be calculated as 1 - specificity, where specificity is the recall of the

negative class.

TP
True Positive Rate (TPR) = TP T FN (5.5)
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FP
False Positive Rate (FPR) =

~ FP +TN (56)
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Figure 9: lllustration of the “ROC” curve. (Source https://developers.google.com/
machine-learning/crash-course/classification/roc-and-auc).

5.2 Experimental Study

Initially, CCC was used to experiment with existing toxicity detection systems, to inves-
tigate if context-sensitive posts are more difficult to automatically classify correctly as
toxic or non-toxic. Then, new deep learning and machine learning systems were trained
trying to solve a different task, that of estimating the context sensitivity of a target post

(i-e. estimating how sensitive the toxicity score of each post is to its parent post).

5.2.1 Toxicity Detection

Figure 5.1 shows the MAE (see section 5.1) as a function of the context-sensitivity threshold,
when employing the Perspective API toxicity detection system (see section 4.1), as is
and with no further fine-tuning, to classify CCC posts as toxic or not.! Along with the
Perspective model, a context-aware version of it was also employed, allowing it to “see”
the parent post by concatenating it to the target post. In this experiment the context-aware
(1c) gold labels were used as the ground truth since they are more reliable. Remember that

the greater the sensitivity threshold ¢, the smaller the sample (see figure 3.6).

'https://www.perspectiveapi.com
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Fig. 5.1.: Mean Absolute Error (Y-axis) when predicting toxicity for different context-sensitivity
thresholds (¢; X-axis). We applied Perspective to target posts alone (w/0) or concatenating
the parent posts (w).

A first observation is that when evaluating on all the CCC posts (¢ = 0) where the non
context-sensitive posts dominate, the context-unaware Perspective (w/o curve) achieves
lower error than the context-aware Perspective (w curve). On the other hand, when
evaluating on smaller subsets with increasingly context-sensitive posts (|6| > ¢, ¢ > 0),
and more specifically when ¢ > 0.2, the context-aware variant of Perspective achieves
lower error. Hence, the benefits of integrating context in toxicity detection systems may be
visible only in subsets enriched with context-sensitive posts, like the ones we would obtain
by evaluating (and training) on posts with ¢ > 0.2. This explains related observations
in previous work of Pavlopoulos, Sorensen, et al. (2020a), where the authors found that
context-sensitive posts are too rare and, thus, context-aware models do not perform better
on existing toxicity datasets. Another interesting observation is that the more we move to
the right of Figure 5.1, the higher the error for both the context-unaware and the context-
aware variants of Perspective. This is explained by the fact that Perspective is trained on
posts that have been rated by annotators who were not provided with the parent post (out
of context; oc), whereas here the in-context (1c) annotations were used as ground truth.
Moreover, the greater the ¢ in Figure 5.1, the larger the difference between the toxicity
scores of oc and 1c annotators, hence the larger the difference between the (oc) ground

truth that Perspective saw during its training and the ground truth that was used here

(1€).

The solution to the problem of the increasing error as context sensitivity increases (Fig-
ure 5.1) would be to train toxicity detectors on datasets that are sufficiently rich in context-
sensitive posts. However, such posts are rare (Figure 3.6) and thus, they are hard to collect
and annotate. This observation motivated the experiments of the next section, where

context-sensitivity detectors are trained, which allow one to collect posts that are likely
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to be context-sensitive. These posts can then be used to train toxicity detectors on datasets

richer in context-sensitive posts.

5.2.2 Context Sensitivity Estimation

In this experiment, four regressors were trained and assessed on the CCC dataset, to predict
the context-sensitivity J (see section 3.3). Three traditional machine learning algorithms
were used: Linear Regression, Support Vector Regression (Drucker et al., 1996), and a
Random Forest regressor (Ho, 1995). Moreover a BERT-based (deep learning) regression
model (BERTr see section 4.1) was used. The first three regressors use TF-1DF features
(Manning et al., 2008). All the models of this section use only the target post, because
preliminary experiments showed that adding simplistic and naive context-mechanisms
(e.g., concatenating the parent post) to the context sensitivity regressors does not lead
to improvements. This may be due to the fact that it is often possible to decide if a
post is context-sensitive or not by considering only the target post without its parent
(e.g., in responses like “YES!!”). Future work will investigate this hypothesis further by
experimenting with more elaborate context-mechanisms. If the hypothesis is verified,
manually annotating context-sensitivity (not toxicity) may also require only the target

post.

y | MSE| | MAE| | AUPR?T | AUCT |
B1 2301 | 11.56 02 | 12.69 0.7 50.00 (0.0
B2 4.6 0o | 13.22 1) 13.39 (0s) 50.01 @6
LR 2101 | 11.003 | 30.11 a2 | 71.67 (s

SVR 2.3 (01) 12.8 (0.1) 28.66 (1.7) 71.56 (10
RFs 2201 | 11.202 | 21.57 a0 | 59.67 (03)
BERTR | 1.8 (0.1 9.2 (0.3) 42.01 13) | 80.46 (13
Tab. 5.1.: Mean Squared Error (MSE), Mean Absolute Error (MAE), Area Under Precision-Recall
curve (AUPR), and ROC AUC of all context sensitivity estimation models. An average (B1)
and a random (B2) baseline have been included. All results averaged over three random

splits, standard error of mean in brackets.

)
)
)
)

For the experiments a train/validation/test split of 80/10/10 percent, respectively was
used, and a Monte Carlo 3-fold Cross Validation was performed. MSE was used as the
loss function and early stopping with patience of 5 epochs was used. Table 5.1 presents
the MSE and MAE of all the models on the test set. Unsurprisingly, all the traditional
machine learning models were outperformed by BERTr in MSE and MAE. Previous work
(Wulczyn et al., 2017) reported that training toxicity regressors (based on the empirical
distribution of codes) instead of classifiers (based on the majority of the codes) leads to
improved classification results too, so we also computed classification results. For the latter
results, the ground truth probabilities of the test instances were turned to binary labels

by setting a threshold ¢ (section 3.3) and assigning the label 1 if § > ¢ and 0 otherwise. In

5.2 Experimental Study
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this experiment, ¢ was set to the sum of the standard error of mean (sem) of the oc and 1c
raters for that specific post p, i.e., t(p) = SEM°°(p) + sEM’“(p). By binarizing the ground
truth, AUPR and AUC (Table 5.1) verified that BERTr outperforms the other models, even

when the models are used as classifiers.

5.3 Collecting Context Sensitive Posts

In Section 3 we saw that context sensitive posts can be very rare in toxicity datasets (Figure
3.6) and thus it can be hard to collect and annotate them. Section 5.2 described how the
integration of a simple context-aware mechanism (concatenating the parent post to the
target post) to an existing toxicity detection system can reduce the system’s error when
evaluating on context-sensitive posts (Figure 5.1). However, the error remains at a high
level for context-sensitive posts. This problem can potentially be addressed by augmenting
the current datasets with more context-sensitive posts. As shown in Section 5.2, a regressor
trained to predict the context sensitivity of a post can achieve low error (Table 5.1). Hence,
the scenario where a context sensitivity regressor is employed to obtain a dataset richer in

context-sensitive posts was assessed.

In this scenario, the best context-sensitivity regressor (BERTr) was used in order to retrieve
the 250 most likely context-sensitive posts from the 2M CC posts, excluding the 10,000
CCC posts. Then, these posts were crowd-annotated by annotators who had access to the
parent post (1c), but the out-of-context (oc) annotations were also kept. Table 5.2 shows
examples of the 250 target posts obtained, along with their parent posts and d. Then the
same experiment was repeated, this time using 250 randomly selected posts from the 2M
CC posts, excluding the 10,000 CCC posts and the 250 posts that were selected using BERTT.
Figure 5.2 is the same as Figure 3.6, but now we consider the 250 randomly selected posts
(dashed line) and the 250 posts that were selected using BERTT (solid line). As in Figure 3.6,
the context-sensitivity threshold ¢ is varied on the horizontal axis. It is clearly shown that
the 250 posts that were sampled using BERTr include more context-sensitive posts than
the 250 random ones, with the threshold (t) in the range 0.1 < ¢ < 0.7. This indicates that
BERTT can be successfully used to obtain datasets richer in context-sensitive posts. As in

Figure 3.6, there are very few context-sensitive posts for ¢ > 0.7.

In this experiment, the crowd-annotators were also asked to indicate whether the parent
post was helpful or not, during the annotation process regarding the toxicity of each target
post. Figure 5.3 shows for how many of the 250 target posts (sampled using BERTr or
random) the majority of the annotators responded that the parent post was useful. The
sensitivity threshold (¢) is varied on the horizontal axis up to ¢t = 0.7, since no posts are
context-sensitive for ¢ > 0.7 (Fig. 5.2). The perceived utility of the parent posts is clearly
higher for the 250 posts sampled with BERTr, compared to the 250 random ones, for all
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sensitivity thresholds. This again indicates that BERTr can be used to obtain datasets

richer in context-sensitive posts.
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PARENT OF POST p

POST P

s9%(p)

s"(p)

And since Thomas Aquinas never ob-
served animals having gay sex in the
wild homosexuality never made it into
the annals of natural law theory.

Animals having "gay’ sex? You mean
there are "gay" animals. So, when
they’re not "doing it" they do other
things like go to Madonna concerts?

60%

0%

60%

Making a cake is MUCH different then
selling gasoline or renting hotel rooms.
Making a cake is a form of artistry
and requires the cake maker to artisti-
cally express him/herself which means
the cake maker is actively participating.
Owning a gas station where random
people pump their own gas does not
require active participation.

Oh, ok. So the if the gas guy had to
pump gas for that gay man, he should
be able to refuse that, right?

60%

0%

60%

And SCOTUS will slap Watson & Chinp
down yet again....these Odummy Sock-
Puppets never learn. That threesome
they shared back in the day must have
been amazing.

Is the post implying that the judge is
gay? I don’t understand the comment,
please explain? Are gays involved in
this and not Muslims and their rela-
tives? *

83.3%

20%

63.3%

The appeal courts have one thing to do,
ask isitlegal or not, thats it, that is what
appeals judges do, and they didnt, they
coward away cause they knew then
could not rule it illegal. sorry for your
ignorance

The case has not yet been adjudicated
on its merits (whether the Executive
Order is illegal or not). Both the trial
decision and the appeal decision were
about staying the EO *until the trial on
its merits* - ie, an injuction. I'd think
about finding out some facts before call-
ing someone else ignorant, Rex.

80%

20%

60%

".."marriage,’ by definition, meant one
man, one woman ..."

Actually no. The definition restricting
it to one man one woman unions was
only introduced into USA law 2004/5/6
across numerous states in a frantic at-
tempt to avoid courts making similar
findings to those of the Massachusetts
Supreme court ruling. Prior to that it
had always been expressly defined as
between "two people", which is what
triggered the Massachusets challenge.

The fact that only opposite sex mar-
riages were performed in the past, does
not mean marriage was defined as only
between opposite sex couples, it sim-
ply illustrates that couples who were
not opposite sex were being denied a
fundamental right.

The evidence of the existence of dis-
crimination is not proof that the dis-
crimination was justified or justifiable.

The definitive dictionary of the English
language, the OED, does not contain a
single instance in which "modern” civi-
lized society has included gay marriage.
It does mention instances of "group”
marriage in small, primitive societies,
where all the men in a village are mar-
ried to all the women. But those, as you
know, are by far the exception.
Actually, your argument bolsters my
point. It was so universally under-
stood at the founding of the Nation that
marriage meant man-woman that mar-
riage did not need to be defined. In-
deed, in most States, marriage could
not have been defined so as to allow
gay marriage, because until 1961, ALL
50 STATES outlawed sahdemy. Do you
begin to get at least part of the point?

0%

60%

-60%

May be Trudeau should do a double
apology just to one up Harper and then
apologize for Papa Trudeau and no him-
self ruining the Canadian economy.

What has this got to do with the rape
and abuse of boys and girls in residen-
tial schools?

30%

60%

-30%

Tab. 5.2.: Examples of context-sensitive posts in the sampled dataset. Here s°€(p) and s'C(p) are

the fractions of out-of-context or in-context annotators, respectively, who found the
target post p to be toxic; and § = s°€(p) — s¢(p).
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Fig. 5.2.: Number of context-sensitive posts (|§| > ), for different context-sensitivity thresholds
(t), using 250 likely context-sensitive posts sampled with BERTr (solid) or 250 randomly
selected posts (dashed line).
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Fig. 5.3.: Percentage of the 250 target posts, sampled with BERTTr (solid) or random (dashed line),
for which the majority of annotators found the parent post useful when assessing the
toxicity of the target post.

To verify the statistical significance of the finding that the annotators find the parent post
useful more often in posts sampled with BERTr than in random posts, a paired bootstrap
resampling was performed, following the experimental setting of Koehn (2004). 100 posts
from the 250 random posts, and 100 posts from the 250 posts obtained by using BERTr
were sampled, and the percentage of posts where the majority of annotators found the
parent post helpful, for random posts and BERTr posts was computed. By resampling 1,000
times, it was found that this percentage is greater for BERTr posts than for random posts,
with a P-value of 0.05.
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Finally, by turning the ground truth toxicity probabilities (for IC and OC annotation) into
binary labels as in Section 5.2, a context sensitivity class ratio (fraction of context-sensitive
posts out of all 250 posts) was estimated, for the BERTr-sampled and the randomly sampled
posts. By using this class ratio, it was found that 99 out of the 250 BERTr-sampled posts
(39.6 %) were context sensitive, while only 43 out of the 250 randomly sampled posts
(17.2 %) were context-sensitive (22 percent points lower; i.e., 57% decrease). The statistical
significance of this finding (lower fraction) was verified by using bootstrapping with a
P-value of 0.05, as in the previous paragraph. Therefore, sampling with BERTr leads to a

higher context-sensitivity class ratio than random sampling.

5.4 Improving the Context-Sensitivity Regressor
with Data Augmentation

In the previous section it was shown that a context sensitivity regressor (BERTr was the
best one) can be employed in order to sample new sets of posts (e.g., from the 2M CC posts)
that are richer in context-sensitive posts (by 22 percent points in our previous experiments).
Adding such richer (in context-sensitive posts) sets to an existing context sensitivity dataset
(e.g., the CCC dataset), can lead to increment of the ratio of context-sensitive posts (which
is low in CCC, see Fig. 3.6). A logical question then is if the context-sensitivity regressor can
further be improved by re-training it on the augmented dataset, which is less dominated by
context-insensitive posts (more balanced in terms of context-sensitivity). Ideally the newly
sampled (and overall more context-sensitive) posts would be crowd-annotated for context-
sensitivity (by IC and OC raters) to obtain ground truth (gold context-sensitivity scores). To
avoid this additional annotation cost, however, in this section a teacher-student approach
(Hinton et al., 2015) is explored. The teacher is the initial BERTr (experiments with CA SEP
BERT and PcT BERT as teachers were also performed, see appendix A) context-sensitivity
regressor (section 5.2.2), which provides silver context-sensitivity scores for the newly
sampled posts. The student is another BERTr instance, which is trained on the augmented
dataset (the data with gold sensitivity scores the teacher was trained on, plus the newly

sampled posts with silver sensitivity scores).

Following this teacher-student approach, experiments with data augmentation to improve
the context-sensitivity estimator, using two different settings were performed. In both
settings, the teacher silver-scores the newly sampled additional training posts. In the
setting discussed first, the teacher is also used to sample the new training posts. By
contrast, in the second setting the new posts are randomly sampled, and the teacher is

only used to silver-score them.
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Teacher-student with teacher sampling: In this setting, 20,000 posts were ran-
domly sampled from the Civil Comments (CC) dataset and were used as a pool to select

(and silver-score) new training instances from, as follows:

1. Train a BERTr teacher on the gold-scored (by crowd-annotators) training instances
of our CCC dataset (Section 3).

2. Use the BERTT teacher to silver-score for context-sensitivity all the posts of the pool
(initially 20,000).

3. Select from the pool the 1,000 posts with the highest silver sensitivity scores, remove
them from the pool, and add them (with their silver sensitivity scores) to the training

set.

4. Train a BERTr student on the new training set (augmented by 1,000 silver-scored

posts).

5. Evaluate the student using exactly the same splits as in Section 5.2.2.

6. (Optional) Go back to step 2, using the student as a new teacher in a new cycle.

This process was repeated for five cycles. Thus, the training set was augmented by
5,000 likely context-sensitive posts. Experimental results (Fig. 5.4, blue solid line) show
performance gains in MSE even from the first cycle. Sampling using bootstrapping was
also compared against using a single cycle with 5,000 new posts added at once (blue dashed
line), instead of adding only 1,000 posts per cycle and re-training the teacher. Performing
cycles and re-training the teacher clearly leads to lower MSE, but with diminishing returns

after cycle 4.

Teacher-student with random sampling: This setting is the same as the previous
one, but in step 3 we randomly select 1,000 posts from the pool, instead of selecting the
1,000 posts with the highest silver sensitivity scores. Again, five cycles were used (Fig. 5.4,
orange solid line) and also sampling using bootstrapping was compared to a single cycle
that adds 5,000 silver-scored training instances at once (orange dashed line). Sampling
with the teacher’s scores (blue solid line) is clearly better than random sampling (orange

lines).

5.4 Improving the Context-Sensitivity Regressor with Data Augmentation
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Teacher-student data augmentation

00185 —— BERTr-based sampling (cycles)
k\x #- Random sampling (cycles)
0.0180 Y === BERTr-based sampling (at once)
' N Random sampling (at once)
00175
L
£ po170
00165
0.0160
0.0155
o 1 2 3 4 5
Cycle

Fig. 5.4.: Data augmentation with knowledge distillation to improve BERTr context-sensitivity
regressor. Blue solid line: the teacher model is used both to silver-score the new training
instances and to sample them. Orange solid line: the teacher model is used only to
silver-score the new training instances, which are randomly selected. Dashed lines: same
as the solid ones, but only one cycle is performed, which adds 5,000 silver-scored new
training instances at once.
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Conclusions and Future Work

This thesis presented a new context-aware dataset that was created by Google Jigsaw and
the AUEB NLP group, containing both context-aware and context unaware annotations.
It was also shown that existing toxicity detection systems perform worse on context-
sensitive posts, but by integrating even a simple and “naive” context-aware mechanism
(e.g. concatenating the parent post to the target), one can reduce the error. Moreover,
this work introduced a new task, that of estimating the context-sensitivity of posts in
toxicity detection, i.e., estimating the extent to which the perceived toxicity of a post
depends on the conversational context. Experiments on this task using traditional machine
learning algorithms and deep learning models, showed that context-sensitivity estimation
systems of practical quality can be developed, achieving low error. Moreover, it was also
shown that context-sensitivity estimation systems can be used to collect larger samples
of context-sensitive posts, which is a prerequisite to train toxicity detectors to better
handle context-sensitive posts. Furthermore, the best performing system BERTr and 2
other context-aware systems (CA SEP BERT and PcT BERT), can further be improved by
augmenting the training dataset with knowledge distillation using a teacher-student model
with teacher sampling. Furthermore, context-sensitivity estimators can also be used as a
suggestion tool to advise when moderators should consider the context of a post (parent),

which is more costly and may not always be necessary.

In future work we will investigate if it is often possible to decide if a post is context-sensitive
or not by considering only the target post without its parent (e.g. in responses like “YES!!”).
We leave for future work the implementation of more complex context-aware models, as
well as training (and evaluate) them on datasets sufficiently rich in context-sensitive posts.
We also leave for future work the study of other types of context, such as the title of the
thread, the entire thread or personal information about the author of the target post, or a
combination of them. Finally, it would be interesting to see if toxicity detectors trained on

more context-sensitive posts indeed perform better on unseen context-sensitive posts.
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Additional Details Of The
Experiments with Data
Augmentation

This appendix presents some additional results regarding the experiments with data
augmentation (section 5.4). Experiments when using as a teacher (and student) a CA-SEP-
BERT as well as a PcT BERT model (see section 4.1), that are context-aware models were
performed. Moreover, the performance of the models when evaluating with MSE, MAE,
AUPR and ROC AUC (as in section 5.2.2) is examined.

A first observation is that the CA SEP BERT model has the worst performance among
all the other models when evaluating with all four metrics. This is probably due to the
fact that this model uses a max sequence length of 128 tokens. This practically means
that it uses 64 tokens for the parent post and 64 tokens for the target post, while BERTr
and PcT BERT use 128 and 256 tokens (128 for the target and for 128 for the parent post)
respectively. Therefore, we cannot make a fair comparison between these three models.
A second observation is that BERTr achieves the best performance (in most of the cases)
indicating that often it may be possible to decide if a post is context-sensitive or not by
considering only the target post without its parent. In order to verify this, more complex
context-aware models need to be developed and to get evaluated. A more interesting
observation is that data augmentation with knowledge distillation leads to performance
gains in all four metrics even from the first cycle regardless which model plays the role of
the teacher. Moreover, performing cycles and re-training the teacher clearly leads to better
performance in most of the cases. Finally, sampling with the teacher’s scores (blue, green
and purple solid lines) is clearly better than random sampling (orange, red and brown lines)
when evaluating with MSE, AUPR and ROC AUC but this does not apply when evaluating
with MAE.
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Fig. A.1.: MSE scores for data augmentation with knowledge distillation to improve all context-

sensitivity regressors. Blue, green and purple solid lines: the teacher model is used both
to silver-score the new training instances and to sample them. Orange, red and brown
solid lines: the teacher model is used only to silver-score the new training instances,
which are randomly selected. Dashed lines: same as the solid ones, but only one cycle is
performed, which adds 5,000 silver-scored new training instances at once.
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Fig. A.2.: MAE scores for data augmentation with knowledge distillation to improve all context-

sensitivity regressors. Blue, green and purple solid lines: the teacher model is used both
to silver-score the new training instances and to sample them. Orange, red and brown
solid lines: the teacher model is used only to silver-score the new training instances,
which are randomly selected. Dashed lines: same as the solid ones, but only one cycle is
performed, which adds 5,000 silver-scored new training instances at once.
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Fig. A.3.: AUPR scores for data augmentation with knowledge distillation to improve all context-
sensitivity regressors. Blue, green and purple solid lines: the teacher model is used both
to silver-score the new training instances and to sample them. Orange, red and brown
solid lines: the teacher model is used only to silver-score the new training instances,
which are randomly selected. Dashed lines: same as the solid ones, but only one cycle is
performed, which adds 5,000 silver-scored new training instances at once.
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Fig. A.4.: ROC AUC scores for data augmentation with knowledge distillation to improve all
context-sensitivity regressors. Blue, green and purple solid lines: the teacher model is
used both to silver-score the new training instances and to sample them. Orange, red
and brown solid lines: the teacher model is used only to silver-score the new training
instances, which are randomly selected. Dashed lines: same as the solid ones, but only
one cycle is performed, which adds 5,000 silver-scored new training instances at once.
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