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Abstract

Quantification is the task of estimating the class distribution
in a given collection. With the growing availability of clas-
sification models, the use of classifiers for quantification has
become increasingly popular, carrying the promise of elim-
inating the need for manual annotation. However, the naive
classify and count approach presents clear limitations, espe-
cially evident in the face of domain discrepancies. In this
work, we introduce two novel quantification methods, called
CPCC and BCC, which can adapt to new target datasets with
a small number of annotated in-domain samples (N = 100).
To explore their real-world applicability, we apply our meth-
ods to a range of quantification tasks in the realm of hateful
and offensive language, where they perform markedly better
than classify and count and other existing methods.

1 Introduction

The advent of large pre-trained language models (Devlin
et al. 2019; Liu et al. 2019; Brown et al. 2020, i.a.) based on
the transformer architecture (Vaswani et al. 2017) has signif-
icantly improved many Natural Language Processing (NLP)
tasks. In particular, they represent the de-facto standard for
modern text classification systems. Combined with open sci-
ence efforts encouraging authors to share their models, and
platforms such as Hugging Face (Wolf et al. 2019) simplify-
ing distribution, it has become easier than ever to gain access
to high-quality off-the-shelf models for many classification
tasks.

As a consequence, the end-user of a specific model is not
necessarily the same as its developer. This also means that
the data a classifier is applied to often does not necessarily
match its training data. This is known as domain transfer,
which is still a challenging problem (Deriu et al. 2017; Ta-
lat, Thorne, and Bingel 2018; Toraman, Sahinug, and Yilmaz
2022).

In this work, we will explore the common setting where
an analyst wants to determine the number of offensive posts
in a given data collection. To avoid the costly process of
manual annotation, they download an off-the-shelf classi-
fier and run it on their data to count the number of offen-
sive posts. This approach seems reasonable but gives rise
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to several particular challenges. The first is that the classi-
fier was probably trained on a different domain, and the per-
formance achieved on the training domain does not transfer
to the target domain. Secondly, the annotation scheme used
in the training data might differ significantly from the in-
tended use of the analyst (e.g., offensive language is not uni-
formly defined (Vidgen and Derczynski 2020)). Thirdly, the
prevalence of offensive language often differs in the training
regime and the real world, leading to overestimating the true
prevalence of offensive language. Thus, counting the num-
ber of offensive posts (i.e., the prevalence) according to a
classifier is not straightforward.

Estimating the prevalence or empirical distribution of a
certain class in a given set of samples is known as quantifica-
tion (Forman 2008). This is a collection-level task, whereas,
in classification, the task is to make accurate sample-level
predictions. Estimating the prevalence of hateful and offen-
sive language in social media is of keen interest to social
science researchers to study societal trends (Solovev and
Prollochs 2022; Siegel et al. 2018).

The approach taken by our imaginary analyst is known
as classify and count (Forman 2008). It can be shown that
the resulting prevalence estimate depends on the true posi-
tive rate (TPR) and false positive rate (FPR) of the binary
classifier at hand. Forman (2008) shows that there is the fol-
lowing relationship between the true prevalence p and the
estimated prevalence p depending on the TPR and the FPR:
p =p(T'PR — FPR) + FPR. Hence, the estimated preva-
lence can be substantially biased. Intuitively, we should be
able to solve the above formula for p to get an improved es-
timate. However, in our scenario, the true T PR and F'PR
on the target dataset are unknown and often do not match
the ones achieved on validation data during development.
This point is of particular importance in the case of hateful
and offensive language, where the exact inclusion criteria
can be fuzzy and differ significantly depending on the data
curator (Vidgen and Derczynski 2020), which can lead to
underwhelming performance when applying a classifier to a
different dataset.

In this work, we tackle the issue of applying a black-box
classifier to estimate the prevalence of offensive language. In
contrast to work in traditional transfer learning, we assume
that we do not have access to the underlying classifier, which
does not allow for fine-tuning on annotated data. However,



our proposed solution assumes that the analyst collects an-
notations for a small subset (e.g., N = 100) of their target
data. In this case, we will show that we can get high-quality
prevalence estimates for a range of classifiers and training
datasets. More concretely, our main contributions are:

* Two novel quantification approaches that specifically
tackle the issue of transferring the quantification capa-
bilities of a classifier from one domain to another with a
small set of only N = 100 samples.

* A novel sample selection method to collect the small set
of samples used for domain adaptation.

* A large-scale set of experiments' showcasing the diffi-
culty of domain transfer in the quantification setting, and
that the performance of our novel approaches is superior
to existing ones.

2 Related Work
2.1 Quantification

The problem of using classifiers for quantification has been
studied in depth by Forman (2008, 2005). Indeed, many of
the methods we will describe in Section 3 were first de-
scribed there. Gonzdlez et al. (2017) provide a survey of
quantification methods. In particular, they distinguish three
high-level approaches: classify, count, and correct; adapting
classification training algorithms; and distribution match-
ing. The methods explored in this work all follow the clas-
sify, count, and correct approach. This is mainly due to our
imagined setting, where we assume access to a black-box
classifier. In the correct step of this class of approaches, we
will need access to estimates of the TPR and FPR of the
classifier. Forman (2008) proposes to estimate these during
training using cross-validation. We will instead assume that
there is a small set of in-domain annotated data that we can
use for this.

Training dedicated quantification models, for example by
adapting classification training algorithms for quantification,
represents a promising avenue of research. Esuli and Se-
bastiani (2015) propose to adapt a structured SVM learn-
ing paradigm (Joachims 2005) in order to directly minimize
the quantification error. This class of approaches does not fit
our setting, as we will assume that we do not have any con-
trol over the training process, but only have access to a final
model trained as a classifier.

The problem of quantification in textual data has been the
topic of a few shared tasks. The SemEval series of shared
tasks included quantification as a sub-task in their sentiment
analysis challenges (Nakov et al. 2016; Rosenthal, Farra,
and Nakov 2017). The LeQua shared task (Esuli et al. 2022)
involved creating quantification systems for sentiment and
the topic of product reviews.

2.2 Hateful and Offensive Language Detection

The quick growth of social networks has increased the in-
terest in the automatic detection of offensive or harmful lan-
guage (Hajibabaee et al. 2022). Although there are differ-
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ent definitions, the task mainly focuses on detecting content
targeting individuals or entities using aggressive language
(Vidgen and Derczynski 2020). Current technologies rely on
data-driven approaches, based on training models on anno-
tated data. However, the annotation criteria usually depend
on the target receiving the offense comment (Vidgen et al.
2019), which might produce some bias. As a consequence,
knowledge transference among collections is difficult, and
therefore, the application to new data. Additionally, the class
distribution highly depends on the method followed for data
acquisition and might not reflect a real scenario.

Current methods mostly use transformer-based models
(Liu et al. 2022). Some innovations apply an ensemble of
models (Roy, Bhawal, and Subalalitha 2022), or include ad-
ditional information, such as the detection of improper lan-
guage (Plaza-del Arco et al. 2022) or multiword expressions
(Zampieri, Illina, and Fohr 2023), for improving results. Al-
though there have been several studies about transfer learn-
ing for hate speech detection (Markov and Daelemans 2021;
Ali et al. 2022), the proposed systems usually only perform
well on a test set with a distribution similar to the one seen
during training (Toraman, Sahinug, and Yilmaz 2022).

A high interest in hate speech detection can also be seen
in the constant proposal of shared tasks. For example, Hat-
Eval (Basile et al. 2019), OffensEval (Zampieri et al. 2019b)
at SemEval 2019, and a second edition of OffensEval at Se-
mEval 2020 (Zampieri et al. 2020) attracted a lot of par-
ticipants and the datasets are still widely used. In fact, we
include these datasets in our experiments (see Section 5.1).
But there have been also several efforts in other languages
such as Spanish with the MEX-A3T (Aragén et al. 2019,
2020) and MeOffendEs (Plaza-del Arco et al. 2021) tasks at
IberLEF, the OSACT4 shared task on Arabic (Mubarak et al.
2020) and in German at GermEval 2018 (Wiegand, Siegel,
and Ruppenhofer 2019).

2.3 Calibration

A desirable property of probabilistic classifiers is that they
be calibrated. This means that their predicted score repre-
sents a true probability, meaning, for example, that in 80%
of cases where the model gives a score of 0.8, the true label
should be positive.

Guo et al. (2017) find that many neural network based
classifiers at the time were poorly calibrated and discuss
a variety of approaches to re-calibrate them. We will rely
on Platt Scaling (Platt et al. 1999) in Section 4. Minderer
et al. (2021) report that modern vision models are well cal-
ibrated. Desai and Durrett (2020) study the calibration of
pre-trained transformer models, such as RoBERTa (Liu et al.
2019). They find that transformer models are generally well
calibrated in-domain. Kong et al. (2020) tackle the challenge
of getting calibrated out-of-domain scores from pre-trained
transformer models using synthetic data.

3 Existing Approaches on Quantification
Methods

In the following, we will assume that we are presented with
an unlabelled set of text samples ) and tasked to find the



fraction p of samples that could be considered hateful. We
further assume that we have access to a real-valued clas-
sification function f and a decision threshold 7 such that
f(z;) > 7 means that the classifier considers the sample z;
to be hateful.

In this work, we consider the case where we have no con-
trol over how f was created. In this setting, we propose to
partition @ into the sets Q.45 and Qcyq;- We then collect la-
bels for the samples in () 4;; Which will be used by the dif-
ferent quantification algorithms described below to compute
the prevalence estimate p on the remaining samples Q¢qq;.

We will notate Neqiip = |Qcalib‘ and Neyqr = ‘Qeval|
for the sizes of the two sets of samples. Furthermore, s; =
f(x;) is the real-valued output of f for a given sample x;
and g; = [[s; > 7] is the predicted label, where I denotes
the indicator function (we regard ¢; = 1 as the classifier
stating that the sample contains hate-speech).

We now introduce quantification approaches from exist-
ing literature that we adapted to our setting.

Classify and Count (CC). The simplest quantification
method is called classify and count (CC) (Forman 2008) and
consists in averaging the predictions of the given classifier:

_ 1 Nevar
pec = w5 2ici” Ui

Adjusted Classify and Count (ACC). As explained in
Section 1, the naive CC estimate, pcc, is biased by both
the true positive rate (TPR) and false positive rate (FPR)
of our classifier f at the given threshold 7. Since we know
that pocc = p(TPR — FPR) + FPR, we can solve for p.
Since, in general, the true values of TPR and F'PR are un-
known, we compute their point estimates on ) cqz:p: TPR =
¥t I[g; =1Ay;=1] B Tl Iy =1y, =0]
G L T R Ty T
then define the adjusted classify and count (ACC) (Forman

2008) estimate as: pacc = %

Probabilistic Classify and Count (PCC). For probabilis-
tic classifiers, the score s; corresponds to the predicted con-
ditional probability of the positive label: s; = p(y;, =
1|x;). We can, therefore, average the classifier scores to
get the expected fraction of hateful samples: ppcc

! l Zi\kf‘” s;. This method is called probabilistic clas-

szfy and count (PCC) (Forman 2008; Bella et al. 2010) and
can only be applied to probabilistic classifiers.

Probabilistic Adjusted Classify and Count (PACC).
Analogous to CC, we can define an adjusted version of PCC
called probabilistic adjusted classify and count (PACC)
(Bella et al. 2010). In this case, we rely on probabilistic es-
~ Ncalib Si -
timates of TPR and FPR: TPR = =5 *MWi=1l g
Sttt Iy =1]
> silly; =0]
ZNcalib ]I[’L/ _0] :
_ ppcc—FPR
PPACC = TR rPR -

4 Our Novel Quantification Methods

Next, we introduce our two novel approaches. The two ap-
proaches differ in that the first uses calibration to adjust the

FPR = The resulting estimate of p is:
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Method Uses7 Uses Qcqiip Assumes probabilis-
tic ratings
CC X
ACC X X
PCC X
PACC X X
CPCC X
BCC X X

Table 1: Overview of the quantification methods described
in Sections 3 and 4.

classifier outputs, and the second extends the adjusted count
approach by including the uncertainty over TPR and FPR,
instead of relying on point estimates.

Calibrated Probabilistic Classify and Count (CPCC).
One of the main points of focus of this work is quantifica-
tion using a classification function f in cases where the set
@ deviates substantially from the training data used to create
f. In this setting, a probabilistic classifier f is often improp-
erly calibrated for samples in @ (Guo et al. 2017; Kong et al.
2020). Therefore, we use Platt-Scaling (Platt et al. 1999) to
re-calibrate f for Q%. This means training a logistic regres-

sion model on (f(x;), y])jv“i“b and using the probabilistic
predictions of this logistic regression model for samples in

Qevar as the new scores §;. The resulting prevalence esti-

Neyal %
Neval Zl 1 S

Bayesian Classify and Count (BCC). Recently, von
Déniken et al. (2022) introduced a Bayesian model which
can be re-purposed for quantification. It was originally de-
veloped in the context of automated evaluation of text gener-
ation systems. The main idea is to estimate the prior proba-
bility distributions of p, T PR, and F' PR from Q) .45, Which
can be combined with the predicted labels §; on Qcyq;- The
prevalence estimate ppcc is then the expected value of the
resulting posterior distribution.

We summarize the quantification methods described in
this section and in Section 3 in Table 1. CPCC and BCC
were specifically developed to take advantage of our as-
sumed setting where we have access to a labelled in-domain
set of samples @ .q55- By design, CC and PCC cannot incor-
porate the additional information. In contrast, the adjusted
count methods can easily be adapted to our setting.

mate is then: pcpcc =

5 Evaluation Framework

In this section, we describe the framework for evaluating the
proposed quantification methods. We will rely on a range
of existing datasets to create various classifiers f>. We will
also use the test sets of these collections as the quantification

2We compare to Isotonic Regression (Zadrozny and Elkan
2002) and Histogram Binning (Zadrozny and Elkan 2001) in Ap-
pendix A.

3While we train a range of classifiers here, for our evaluation
we treat them as if we took them off-the-shelf.



targets (). We give the details of the datasets, classifiers, and
evaluation measures selected for our study below.

5.1 Datasets

We will now give a brief overview of the different datasets
used in this study. A summary of their properties is given
in Table 2. We relied on hatespeechdata.com maintained by
Vidgen and Derczynski (2020) for curating this collection.
Our main inclusion criterion was that a dataset should be rel-
atively easily available for download and that its annotations
can be converted into a binary label. We aimed to maintain
the canonical splits into train C},.q;y,, development C'y.,,, and
test sets C'es; Wherever possible. Datasets that do not have a
canonical separation between C};.q;n, and Cies Will be used
as Ciest only. If a dataset does not have a development set
Caev, we use 10% of the training data as Cge,,. Our experi-
mental setting comprises a highly diverse set of 11 datasets
with different domains, annotation schemes, and prevalence
of offensive language.

Davidson. Davidson et al. (2017) collected tweets from
users who had used words and phrases from a hate speech
lexicon. The tweets were annotated by crowd-workers as
hate, offensive, or neither. The main distinction between
hate and merely offensive tweets is that hateful tweets ex-
press explicit hatred towards a target group. For our exper-
iments, we consider the case where hate and offensive to-
gether constitute the positive class, which we call Davidson
Hate & Offensive. We also consider the case where only the
hate class constitutes the positive class and call this David-
son Hate Only.

Dynamically Generated Hate (DGH). Vidgen et al. (2021)
set out to create a dataset to train robust classifiers. Start-
ing from a classifier trained on multiple existing hate speech
datasets, they proceed in multiple rounds. In each round,
they ask annotators to produce texts that trigger misclassi-
fications from the model. A new model is then re-trained
based on this data. They annotated both whether a text is
hateful as well as the type and target of hate. In this work,
we rely on the top-level binary hate label.

ETHOS. The ETHOS (Mollas et al. 2022) dataset comes in
both a binary and a multi-label version. It consists of com-
ments from YouTube and Reddit. The main goal was to cre-
ate a balanced multi-label dataset covering aspects such as
race, gender, and religion, as well as whether a comment
is directed or generalized, or incites violence. We consider
positive cases those where strictly more than half of the an-
notators consider a comment as hateful. Due to its limited
size, we use it only as a test set.

Ex Machina. Wulczyn, Thain, and Dixon (2017) study per-
sonal attacks in discussions on Wikipedia. They had crowd
workers annotate random comments, as well as comments
sampled specifically from users that were banned for per-
sonal attacks. Each comment was annotated by 10 workers.
In our experiments, we consider positive cases those where
more than half of the annotators consider a comment a per-
sonal attack.

HASOC 2019. The HASOC 2019 (Mandl et al. 2019) shared
task contained three sub-tasks. The first sub-task consisted
of distinguishing hateful and offensive content from non-
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offensive posts. The other sub-tasks involved classifying the
type of hate or offense and its target. The task organizers pro-
vided datasets in English, German, and Hindi. In this work,
we rely on the binary labels and the English dataset.
HatEval 2019. The HatEval 2019 (Basile et al. 2019) shared
task focused on hate that targets women and immigrants.
The main sub-task involved classifying Twitter posts into
hateful and not hateful. The other sub-tasks were predicting
the specificity of the target and aggressiveness of the tweet.
The organizers provided data in English and Spanish. We
focus on the binary annotations and English data.

Jigsaw. The Jigsaw Toxic Comment Classification Chal-
lenge (cjadams et al. 2017) is a popular dataset on Kaggle®,
an online platform that hosts machine learning challenges.
The dataset contains comments from Wikipedia discussions
annotated with multiple binary labels: toxic, severely toxic,
obscene, threat, insult, and identity hate. In this work, we
assign a positive label if any of these labels are present.
OLID. The Offensive Language Identification Dataset
(OLID) (Zampieri et al. 2019a) contains layered annotations
whether a tweet contains offensive language, whether the of-
fense is targeted, and whether the target is an individual or
a group. The dataset has been used to run the OffensEval
2019 (Zampieri et al. 2019b) shared task. In this work, we
rely on the top-level binary offensiveness labels.

SOLID. The Semi-Supervised Offensive Language Identifi-
cation Dataset (SOLID) (Rosenthal et al. 2021) is a semi-
supervised extension of OLID. The annotation scheme fol-
lows OLID, and they provide a large corpus of English
tweets with automatic annotations. In addition, they include
a larger manually annotated test set. The SOLID data was
used for the OffensEval 2020 (Zampieri et al. 2020) shared
task. In this work, we will only use the manually annotated
test set.

SWAD. The Swear Word Abusiveness Dataset (SWAD) (Pa-
mungkas, Basile, and Patti 2020) is also based on OLID. The
authors provide new annotations indicating whether the use
of a specific swear word makes a post abusive or not. We use
these binary labels as an additional test set.

WASSA. Grimminger and Klinger (2021) created a dataset
for both stance detection and hatefulness and offensiveness.
It consists of tweets about the candidates of the 2020 US
elections. We focus on the binary hate / offensiveness label.

5.2 Classifiers

Next, we describe the classifiers we use in our experiments.
We train three types of classifiers on each training set in-
dividually and collect their predictions for all test sets. The
aim is to use a diverse set of classifiers in terms of architec-
tures, models, and performance to showcase the generality
of our quantification approach.

Electra. FElectra (Clark et al. 2020) models have the same
architecture as BERT (Devlin et al. 2019), but follow a
different pre-training procedure. During masked language
modeling (MLM) pre-training, there are two models: a gen-
erator G and a discriminator D. G is trained to predict the

*https://kaggle.com



Dataset Size Train Size Dev  Size Test Prev. Train Prev. Dev  Prev. Test
Davidson Hate & Offensive 22304 - 2479 83.2% - 83.2%
Davidson Hate Only 22304 - 2479 5.8% - 5.8%
DGH 32924 4100 4120 53.9% 52.9% 55.0%
ETHOS - - 998 - - 43.4%
Ex Machina 69526 23160 23178 13.4% 13.8% 13.2%
HASOC 2019 5852 - 1153 38.6% - 25.0%
HatEval 2019 9000 1000 3000 42.0% 42.7% 42.0%
Jigsaw 159571 - 63978 10.2% - 9.8%
OLID 13240 - 860 33.2% - 27.9%
SOLID - - 5993 - - 50.1%
SWAD - - 2578 - - 32.7%
WASSA 2400 - 600 12.2% - 9.8%

Table 2: Overview of the datasets used for our experiments. We report the prevalence of the positive class for every dataset as

described in Section 5.1.

masked tokens. The masked tokens are then replaced by the
top prediction of G, and D is trained to predict which tokens
were generated by G and which ones are original.

For our experiments, we use a discriminator model check-
point 3 from Hugging Face. We train the model for up to 50
epochs with batch size 16, stopping early if the loss on Cye,,
does not improve for 5 epochs. The model weights are up-
dated using AdamW (Loshchilov and Hutter 2019) with a
learning rate of 5e—5 and weight decay of 0.01. Texts that
are longer than the maximum of 512 tokens are truncated to
that length.

Twitter-RoBERTa. Since many datasets consist of
tweets, we include classifiers pre-trained on Twitter data.
Specifically, we fine-tune a RoBERTa (Liu et al. 2019)
model that was pre-trained by Barbieri et al. (2020) on 58M
tweets 6. Our training procedure is identical to the Electra
models.

TF-IDF SVM. We train Support Vector Machine
(SVM) (Cortes and Vapnik 1995) models on TF-IDF (Man-
ning, Raghavan, and Schiitze 2008) features. We use the
TfidfVectorizer and LinearSVC implementations provided
by scikit-learn (Pedregosa et al. 2011). During training,
we perform a grid search over three hyper-parameters and
select the model that has the highest F1 score on Cye,.
The hyperparameter ranges are: maximum n-gram length
(2, 3, 5, or 7), whether to use binary term frequencies or
log-scale them, and the regularization strength of the SVM
loss (0.001, 0.01, 0.1, 1, 10, 100, or 1000).

Perspective API. Further, we collect predictions from an
online service 7. Since the organisations developing this ser-
vice are also the providers of the Jigsaw dataset, its predic-
tions are in line with the Jigsaw multi-label annotations. It
will predict a score between 0 and 1 for each of the Jigsaw
labels. We will use the maximum score over all labels and a
decision threshold of %

Shttps://huggingface.co/google/electra-base-discriminator
Shttps://huggingface.co/cardiffnlp/twitter-roberta-base
https://www.perspectiveapi.com/

1589

Nean | 10 20 30 40 50 60 70+
Random | 0.13 0.08 0.03 0.02 0.01 0.01 0.00
Quantile | 0.10 0.02 0.00 0.00 0.00 0.00 0.00

Table 3: Fraction of cases where our selection strategies do
not produce any positive samples depending on the number
Nearip of samples selected.

5.3 Selecting Samples to Annotate

As described in Section 3, we select a certain number of
samples of the unlabelled quantification set () to be labelled
and then compute the prevalence estimate on the remaining
samples. We will explore two methods of selecting samples
for annotation to partition Q into Q.q:5 and Qecyal-

The first sample selection method we will explore is to
select N 415 random samples to annotate form Q) q1;5. We
will call this method random. The other method is based
on the classifier scores s; = f(x;). We first sort the sam-
ples by their score s;. We then split the sorted samples into
N, = 10 consecutive equal length segments. We then select
Neativ rapndom samples from each segment to form Q) q:p-

Weqwill call this method guantile, since each of the N, seg-
ments correspond to a quantile of the score distribution.

Ideally, our selection method will produce a Q) 4;;5 that is
representative of the whole (), which is a pre-requisite for
the methods in Sections 3 and 4 to work. A particular failure
mode of our selection strategies is when they fail to select
any positive samples at all. In this case, we cannot properly
estimate the TPR and FPR of f, and calibration using Platt
Scaling is also impossible.

In Table 3, we show the fraction of cases in which neither
selection method produces any positive samples for various
values of N 4. For this, we applied each sample selection
strategy to each of our 12 test sets 10 times with differ-
ent random seeds. In general, we observe that the quantile
strategy produces fewer failures and both strategies succeed
when N4 > 70. Based on this, we will use N.q;;, = 100
for our experiments, unless otherwise stated.

One other factor that influences the success of our selec-



D | 0.01 0.02 0.03 0.05 0.07 0.10
Random | 0.26 0.11 0.02 0.03 0.00 0.00
Quantile | 036 0.16 0.09 0.02 0.00 0.00

Table 4: Fraction of cases where our selection strategies do
not produce any positive samples depending on the preva-
lence p in the target set Q.

tion methods is the true prevalence p. In general, the smaller
p is, the harder it is to select positives. In Table 2 we can
see that the smallest p for any of our test sets is 9.8%. To
see how often our selection methods fail for a small p, we
sub-sample the positive class of our test sets to a number of
fixed prevalences. In cases where sub-sampling would lead
to fewer than 15 positives, we remove the test set from con-
sideration for that given prevalence. Table 4 shows the frac-
tion of cases where either selection method does not produce
any positive samples for different values of p. In this case,
we fixed Nqi = 100. We can see that as long as the true
prevalence p > 3%, both selection methods produce only
few or no failures.

In what follows, we will generally operate in the regime
where there are very few or no failures during the sample
selection process and any sample selection failures that do
occur will be excluded from the analysis.

5.4 Performance Measures

To measure the performance of a given quantification
method given an unlabelled set ) and classifier f (with
threshold 7), we first apply a sample selection method from
Section 5.3, resulting in Qcypq; U Qcariv = Q. Let p, be
the estimated prevalence produced by a method described in
Section 3 or 4 and p be the true prevalence in Qcyq;-

Many different measures for the quality of a quantification
approach exist (Gonzdlez et al. 2017). In this work, we will
use the symmetric absolute percentage error (SAPE) which
is defined as ‘i z +p | The SAPE is bounded and ranges from 0
to 1 with lower values indicating better quantification perfor-
mance. In particular, it captures the intuition that the severity
of some constant absolute error depends on the true underly-
ing prevalence, i.e., an estimate that is 0.01 off is less severe

when the true prevalence is 0.50 than if the true prevalence
were 0.02.

6 Experiments

In this section, we show the results of our experiments. We
fine-tune the three trainable models on each of the datasets
where a train set Ct,.q;,, is available (see Table 2) and gen-
erate the outputs for each of the test sets. Overall, we note
that the sample-based performances are highly diverse and
the ROC-AUC scores range from 0.486 to 0.989 depend-
ing on the classifier, train and test set combination (see Ap-
pendix B). Overall, we train 3 classifiers on 9 training sets
and add 1 online service for a total of 28 classifiers f. For
each model, we then apply each of the quantification meth-
ods and the test splits serve as the unlabelled data . In the
following, we will show the main results comparing quan-
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Random Quantile
m Med. 95 M Med. 95
CC 0.368 0.264 1.000 | 0.368 0.264 1.000
ACC 0.352 0.230 1.000 | 0.240 0.125 1.000
PCC 0.299 0.220 0.827 | 0.299 0.219 0.827
PACC | 0.306 0.167 1.000 | 0.151 0.077 0.635
CPCC | 0.073 0.049 0.211 | 0.085 0.059 0.275
BCC 0.067 0.046 0.209 | 0.082 0.059 0.259

Table 5: SAPE of different quantification methods. We report
the mean (u), median (Med.), and 95th percentile (95) of
errors for all quantification methods and sample selection
methods.

tification approaches and sample selection strategies and ex-
plore other factors.

6.1 Comparing Quantification Methods

Here, we compare the performance of the quantification
methods described in Section 4. We also include methods
from Section 3 as baselines. We applied each quantification
approach to each pair of classifier and test set, using a set of
Neariv = 100 in-domain calibration samples. We ran each
experiment 10 times with different random seeds, yielding
28 classifiers x 12 test sets x 10 results for each quantifi-
cation approach (i.e., 3360 results). In Table 5, we show the
mean, median, and 95th percentile SAPE for each quantifi-
cation method and sample selection strategy.

The results show that our novel approaches CPCC and
BCC markedly outperform the existing quantification ap-
proaches. They achieve a median SAPE of 0.049 and 0.046,
respectively, for random sample selection, and both achieve
a median SAPE of 0.059 for quantile selection. Out of the
existing approaches, PACC in combination with quantile
sampling performs best, achieving a median SAPE of 0.077.
However, when using the random sampling approach, the
error rate of PACC rises substantially to a SAPE of 0.167.
The naive classify and count approach only achieves high
median SAPE scores of 0.264. Furthermore, the variance is
much lower for our novel approaches. In fact, CPCC and
BCC have a 95th percentile SAPE of 0.211 and 0.209, re-
spectively, for random sample selection. In contrast, the 95th
percentile SAPE of the other approaches ranges from 0.635
to 1.0.

Thus, our novel quantification approaches achieve supe-
rior performance scores and are also more robust in regard
to domains and underlying classifiers.

6.2 Out-of-Domain Calibration

In the above experiment, we used N.q;, = 100 in-domain
calibration samples. Here, we showcase the necessity for
these by repeating the same type of experiment but using
an entire out-of-domain dataset for calibration. This cor-
responds to the setting where we rely on a different pre-
existing set of labelled samples (for example from a shared
task) instead of selecting a number of samples from () to be
labelled. We simulate this scenario by pairing all test splits in
Table 2 with each other to build (Qcqib, Qevar) pairs (such



Out-of-Domain
n Med. 95
CC 0.368 0.262 1.000
ACC 0.582 0.520 1.000
PCC 0.299 0.221 0.829
PACC | 0.575 0.520 1.000
CPCC | 0.357 0.309 0.815
BCC 0.394 0365 0.792

Table 6: SAPE of different quantification methods when us-
ing out-of-domain data as Q.q1;,. We report the mean (p),
median (Med.), and 95th percentile (95) of errors for all
quantification methods and sample selection methods.

Random Quantile
m Med. 95 " Med. 95
PACC-10 0.424 0.294 1.000 | 0.249 0.163 1.000
PACC-20 0.411 0.289 1.000 | 0.230 0.142 1.000
PACC-40 0.366 0.246 1.000 | 0.207 0.117 0.892
PACC-80 0.311 0.173 1.000 | 0.158 0.081 0.654
PACC-160 | 0.272 0.136  1.000 | 0.131 0.065 0.519
CPCC-10 0.175 0.126 0.505 | 0.180 0.132 0.511
CPCC-20 0.140 0.102 0.385 | 0.151 0.111 0.432
CPCC-40 0.120 0.079 0.399 | 0.132 0.088 0.400
CPCC-80 0.080 0.056 0.241 | 0.094 0.063 0.279
CPCC-160 | 0.051 0.034 0.158 | 0.073 0.049 0.224
BCC-10 0.157 0.120 0.441 | 0.174 0.132 0.486
BCC-20 0.131 0.101 0.358 | 0.141 0.108 0.396
BCC-40 0.103 0.075 0.342 | 0.122 0.089 0.368
BCC-80 0.072 0.053 0.216 | 0.089 0.062 0.264
BCC-160 0.048 0.032 0.160 | 0.071 0.049 0.219

Table 7: SAPE of different quantification methods depend-
ing on the number of samples selected for calibration. Sam-
ple sizes are indicated as a suffix to the name of the quantifi-
cation method. We report the mean (1), median (Med.), and
95th percentile (95) of errors for all quantification methods
and sample selection methods.

that Qcqrip # Qtest, €.g., calibrate on SWAD and test on
OLID). We use all 28 classifiers and repeat each experiment
10 times with different random seeds.

The results show that each of the quantification ap-
proaches yield relatively high median errors. In fact, none
of the approaches that rely on QQ.q;;, outperform the ones
that do not (CC and PCC). This is to be expected, as an
out-of-domain dataset can yield mismatched TPR and FPR
estimates. Similarly, CPCC is influenced by the inconsistent
prevalence between datasets. This explicitly showcases the
need to use in-domain samples for calibration.

6.3 Reducing the Number of Samples to Select

Since using out-of-domain data is inadequate, we now in-
vestigate to which degree the number of samples N g1
to annotate can be reduced. For this, we repeat the ex-
periments from Table 5 with different values of N q;p €
{10, 20,40,80.160} and compute the resulting SAPE for
the best-performing methods PACC, CPCC, and BCC. We
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have already mentioned that reducing N4, can lead to an
increase in cases where our sample selection method fails
to find positive samples (see Section 5.3). In these cases,
we dropped the experiment configuration from the analysis,
meaning that those cases do not contribute to the error statis-
tics.

Table 7 shows the results of the sample-reduction exper-
iments. For CPCC, the median SAPE ranges from 0.034
for 160 samples to 0.126 for 10 samples. For BCC the me-
dian SAPE ranges from 0.032 for 160 samples to 0.120 for
10 samples. Similar to the main results, the random selec-
tion method performs better than the quantile selection. The
range is larger for PACC (the median SAPE lies between
0.065 and 0.163), and similar to the main results, quantile
outperforms the random selection method.

We note that both CPCC and BCC outperform CC, ACC,
and PCC (see Table 5) using only 10 samples. For the
random selection method, CPCC-40 and BCC-40 are on
par with PACC-80 (0.079, 0.075, and 0.081, respectively).
Considering only the 95th percentile, CPCC-10 and BCC-
10 outperform PACC-160 (0.505, 0.441, and 0.519 respec-
tively).

Overall, all methods perform better for larger N.q;;,. The
performance of CPCC and BCC degrades relatively grace-
fully. The sample selection method has a large influence on
PACC, whereas CPCC and BCC seem relatively stable with
random selection performing slightly better.

6.4 Low Prevalence

To study how our methods perform when decreasing the true
prevalence of hateful content, we proceed in the same way as
in Section 5.3. For each target prevalence, we sub-sample the
positive class to that level, making sure there are at least 15
positives. If there are fewer positives when sub-sampling, we
ignore the configuration. Similarly, we ignore cases where
our sample selection strategy (using N¢q;;, = 100) does not
produce any positives in D q;;5. We run each experiment 10
times with different random seeds.

We show the SAPE for CC, PACC, CPCC, and BCC in
Tables 8 and 9. For all methods the SAPE increases as the
prevalence p decreases. This is to be expected, as the de-
nominator in the SAPE calculation gets smaller. The me-
dian SAPE for CPCC with random sample selection ranges
from 0.092 to 0.206. For BCC the median SAPE ranges
from 0.090 to 0.178. Similar to previous results, quantile
sample selection performs worse for CPCC and BCC. For
PACC, quantile selection leads to lower median SAPE, rang-
ing from 0.165 to 0.361. We note that in the low prevalence
setting, the performance difference between PACC and our
novel methods is even more pronounced. This is also appar-
ent when considering the 95th percentile SAPE which is 1.0
for all prevalences for PACC.

7 Discussion & Conclusion
Our setting is motivated by a real-world scenario in which
black-box classifiers are used without the possibility to fine-
tune. Furthermore, our scenario also assumes that there is
only a very small set of annotations available making classi-
cal domain-transfer extremely difficult.



CcC PACC CPCC BCC
p I Med. 95 m Med. 95 I Med. 95 1 Med. 95
0.020 | 0.716 0.780 1.000 | 0.706 0.811 1.000 | 0.215 0.206 0.527 | 0.196 0.178 0.523
0.030 | 0.648 0.724 1.000 | 0.629 0.677 1.000 | 0.189 0.157 0.529 | 0.169 0.155 0.358
0.050 | 0.578 0.630 1.000 | 0.542 0.494 1.000 | 0.179 0.136 0.476 | 0.158 0.137 0.389
0.070 | 0.499 0.524 1.000 | 0.490 0.398 1.000 | 0.128 0.107 0.298 | 0.115 0.093 0.275
0.100 | 0.464 0.481 1.000 | 0.411 0.302 1.000 | 0.109 0.092 0.274 | 0.106 0.090 0.243

Table 8: SAPE of different quantification methods with random sample selection depending on the prevalence p. We report the
mean (i), median (Med.), and 95th percentile (95) of errors for all quantification methods and sample selection methods.

CcC PACC CPCC BCC
p I Med. 95 m Med. 95 I Med. 95 o Med. 95
0.020 | 0.706 0.772 1.000 | 0458 0.361 1.000 | 0.219 0.210 0.473 | 0.195 0.178 0.473
0.030 | 0.645 0.715 1.000 | 0.440 0.333 1.000 | 0.237 0.205 0.551 | 0.201 0.176 0.480
0.050 | 0.575 0.624 1.000 | 0.344 0.240 1.000 | 0.201 0.144 0.635 | 0.180 0.151 0.455
0.070 | 0.501 0.525 1.000 | 0.299 0.187 1.000 | 0.170 0.129 0.486 | 0.156 0.123 0.418
0.100 | 0.465 0.483 1.000 | 0.266 0.165 1.000 | 0.153 0.117 0.440 | 0.141 0.109 0.391

Table 9: SAPE of different quantification methods with quantile sample selection depending on the prevalence p. We report the
mean (i), median (Med.), and 95th percentile (95) of errors for all quantification methods and sample selection methods.

In Sections 5.1 and 5.2, we described how we train vari-
ous classification models for our experiments following the
standard procedure of using train (Cy,45,) and development
data (Cyey). In the usual classification setting, one would
then evaluate f on the test data C}4;. In this work, we use
Ciest as the quantification target data Q. This leads to the
following issue: our method relies on splitting @) into Q.4
and Q¢yq; and, crucially, we assume access to the labels of
Qcalip in order to calibrate the predictions of f. In the tra-
ditional setting, this leads to an unfair advantage. Of course,
in this work, this advantage is entirely intentional and we
adjusted previous and proposed quantification methods ac-
cordingly (see Table 5). We could, instead, have opted to try
using Cy.,, as our calibration set (.45, One issue is that in
the real world there might not be any annotated data a-priori
for a domain of interest. Further, we have shown in Section
6.2 that using out-of-domain data for calibration yields poor
results. We can see in Table 2 that the prevalence of hateful
content can differ even between different splits of the same
dataset, e.g. in the cases of HASOC 2019 and OLID.

Our experiments show that it is possible to get good quan-
tification estimates with only 100 annotated in-domain sam-
ples. The results are robust over a variety of classifiers and
datasets, in particular when considering that our datasets had
annotations for related but notably different tasks.

It should, therefore, in principle be possible to study the
prevalence of hateful content in a new dataset using existing
off-the-shelf classifiers. The main motivation to use classi-
fiers for this purpose in the first place is to eschew the labo-
rious annotation process. Our method yields markedly im-
proved results while keeping the annotation effort low.

We note that inaccurate quantification approaches can
pose significant risks, as they can lead to wildly inaccurate
prevalence estimates. For example, in Table 8 we see that the
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naive CC approach has a median SAPE of 0.481 for the mod-
erately low prevalence p = 0.1. This means that the estimate
under CC could be as low as 0.035 or up to 0.285. Conclu-
sions based on such poor estimates can be highly mislead-
ing. This can lead to misdirected policies and interventions
or a misallocation of resources.

An important future extension of this work is considering
how we can properly compare the prevalence of hateful con-
tent between two collections. In this case, we would want to
gain access to a statistical test that can tell us whether one
collection contains significantly more such content than an-
other. This means that we would have to go beyond point
estimates of p and consider confidence intervals. Interest-
ingly, BCC in principle produces a full posterior distribution
that can be used for this (von Déniken et al. 2022).

While our methods could in principle be applied to other
binary quantification tasks, this work is limited to hateful,
abusive, and toxic language in English. We have relied en-
tirely on existing datasets that are publicly available. Since
the main focus of this work were quantification methods, no
one had to assess the content of the datasets in detail. There-
fore, no one had to come into contact with abusive material
or potentially personally identifiable information.

In the regime of very low prevalences our method runs
into the particular issue that selecting samples to build
D q1ip can fail. In this work, we focused on evaluating the
quantification methods. Better sample selection strategies
could be developed based on active learning (Kumar and
Gupta 2020) and rare class discovery methods (He and Car-
bonell 2008).
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Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes.

Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes.

Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes. See
Section 6

Do you clarify what are possible artifacts in the data
used, given population-specific distributions? We use
pre-existing datasets and do not have access to this in-
formation.

Did you describe the limitations of your work? Yes.
See Section 7.

Did you discuss any potential negative societal im-
pacts of your work? While our chosen application do-
main, hateful and offensive language, deals with con-
tent that is harmful by design, our method is a mere
tool for analyzing and evaluating this phenomenon.
Did you discuss any potential misuse of your work?
We develop and evaluate quantification methods,
which are a foundational tool with a large range of ap-
plications.

Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? We did not create any new corpora. The
code for our experiments is available at https://github.
com/vodezhaw/icwsm2024/ mentioned in Section 1.

Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.
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nations that might account for the same outcomes ob-
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Have you related your theoretical results to the exist-
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theoretical results.
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In Section 6 we give mean, median, and 95th per-
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Did you include the total amount of compute and the
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Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes. See
Section 6.
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and fault (in)tolerance? This is somewhat dependent
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risks of bad prevalence estimation in Section 7.
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ators? See Section 5.1 for data and Sections 5.2 and 3
for models.

Did you mention the license of the assets? We used
existing datasets that were used for shared tasks. They
are all intended to be used for research.
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material or as a URL? The URL (https://github.com/
vodezhaw/icwsm2024/) is specified in Section 1.

Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
We are working with pre-existing datasets.

Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? We are working with pre-existing
datasets.

If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCEI11 (2020))? No new datasets were cre-
ated.



(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? No new datasets were created.

6. Additionally, if you used crowdsourcing or conducted re-
search with human subjects...

(a) Did you include the full text of instructions given to
participants and screenshots? We use pre-existing data.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? We use pre-existing data.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? We use pre-existing data.

(d) Did you discuss how data is stored, shared, and dei-
dentified? We use pre-existing data.

A Calibration Methods

Random Quantile
n Med. 95 I Med. 95
CPCC 0.073 0.049 0.211 | 0.085 0.059 0.275
CPCC-ISO 0.074 0.048 0.218 | 0.086 0.058 0.275
CPCC-HB10 | 0.086 0.054 0.273 | 0.096 0.064 0.297
CPCC-HB100 | 0.213 0.183 0.515 | 0.208 0.177 0.501

Table 10: SAPE of CPCC with different calibration methods.
We report the mean (), median (Med.), and 95th percentile
(95) of errors for all variants and sample selection methods.

In Section 4 we described the CPCC quantification
method which relies on re-calibrating classifier scores. So
far we have been using Platt Scaling (Platt et al. 1999) for
this purpose. Here we repeat the main experiment described
in Section 6.1 by considering additional calibration meth-
ods mentioned by Guo et al. (2017). For CPCC-1SO, we use
Isotonic Regression (Zadrozny and Elkan 2002) instead of
Platt Scaling. For CPCC-HBI10, we use Histogram Binning
(Zadrozny and Elkan 2001) with 10 bins and for CPCC-
HB100 we use 100 bins.

Table 10 shows the SAPE for the variants of CPCC.
CPCC-ISO performs almost identically to CPCC with only
slightly larger 95th percentile performance (0.218 versus
0.211). Both Histogram Binning methods perform worse. In
particular, increasing the number of bins seems to decrease
performance. For all variants, random sample selection out-
performs quantile sample selection.

B Classifier Performance

In this section, we list all the sample-based performances of
each of the 28 different classifiers. We report the ROC-AUC
scores for the different classifiers. Note that the scores are
highly diverse ranging from 0.469 to 0.989. Table 12 shows
the scores for all Electra classifiers, Table 13 shows the
scores for all Twitter-RoBERTa classifiers, Table 14 shows
the scores for all TD-IDF SVM classifiers, and Table 15
shows the scores for the Perspective API classifier. We give
an overview of the abbreviated dataset names in Table 11.
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Name Short Name
Davidson Hate & Offensive DHO
Davidson Hate Only DH
DGH DGH
ETHOS ETH
Ex Machina ExM
HASOC 2019 HSC
HatEval 2019 HEv
Jigsaw Jig
OLID OL
SOLID SOL
SWAD SWD
WASSA WSS

Table 11: Overview of the short names of the different
datasets from Section 5.1 that are used in Tables 12, 13, 14,
and 15.



DHO DH DGH Eth ExM HSC HEv Jig OL SOL SWD WSS
DHO | 0989 0.486 0.591 0.727 0.941 0.825 0.582 0.930 0.796 0.957 0.591 0.738
DH 0442 0.894 0.639 0.769 0.852 0.720 0.621 0.800 0.711 0.696 0.620 0.670
DGH | 0.718 0.679 0.901 0.886 0.573 0.610 0.737 0.554 0.487 0.531 0.485 0.510
ExM | 0.937 0.587 0.552 0.763 0.980 0.857 0.603 0966 0.885 0.974 0.631 0.773
HSC | 0.876 0.623 0.543 0.733 0.938 0.833 0.598 0.904 0.835 0913 0.716 0.737
HEv | 0920 0.457 0.657 0.830 0.899 0.741 0.663 0.890 0.759 0.857 0.642 0.759
Jig 0913 0546 0.543 0.775 0978 0.855 0.601 0.972 0.885 0.974 0.600 0.788
OL 0914 0544 0.537 0.769 0.962 0.854 0.607 0963 0.898 0.974 0.640 0.780
WSS | 0901 0.589 0.529 0.664 0.885 0.755 0.582 0.878 0.768 0.905 0.674 0.869

Table 12: ROC-AUC performance of Electra classifiers. Rows indicate the training set used, while columns indicate the target
test set. We show the highest ROC-AUC achieved for each test set in bold. We abbreviated the dataset names, please refer to
Table 11.

DHO DH DGH Eth ExM HSC HEv Jig OL SOL SWD WSS
DHO | 0.984 0.469 0.558 0.703 0.941 0.816 0.588 0.928 0.820 0.968 0.592 0.699
DH 0.397 0.824 0.583 0.656 0.632 0.575 0.541 0.588 0.598 0.473 0.557 0.551
DGH | 0.736 0.708 0.878 0.834 0.519 0.604 0.743 0474 0.431 0.448 0.483 0.500
ExM | 0.841 0.635 0.515 0.704 0939 0.790 0.524 0942 0.786 0.941 0.612 0.708
HSC | 0.886 0.675 0.548 0.734 0951 0.873 0.574 0932 0.815 0929 0.672 0.753
HEv | 0927 0412 0.633 0.786 0.857 0.728 0.573 0.819 0.688 0.756 0.701 0.684
Jig 0.721 0524 0.523 0526 0.621 0.550 0.536 0.692 0.580 0.723 0.508 0.519
OL 0.906 0.524 0.506 0.760 0.948 0.858 0.607 0.954 0.890 0.970 0.622 0.836
WSS | 0933 0.655 0.522 0.622 0.845 0.649 0.534 0.870 0.628 0.861 0.641 0.862

Table 13: ROC-AUC performance of Twitter-RoBERTa classifiers. Rows indicate the training set used, while columns indicate
the target test set. We show the highest ROC-AUC achieved for each test set in bold. We abbreviated the dataset names, please
refer to Table 11.

DHO DH DGH Eth ExM HSC HEv Jig OL SOL SWD WSS
DHO | 0.982 0.528 0.494 0.643 0.832 0.702 0.581 0.837 0.688 0.885 0.546 0.629
DH 0.366 0.839 0.555 0.670 0.733 0.676 0.548 0.709 0.592 0.619 0.564 0.549
DGH | 0483 0.547 0.636 0.612 0.384 0435 0559 0399 0491 0296 0.515 0514
ExM | 0.879 0.604 0.503 0.705 0.957 0.820 0.580 0.953 0.767 0.955 0.619 0.709
HSC | 0.639 0.538 0421 0568 0.645 0.734 0.556 0.567 0.567 0.818 0.592 0.590
HEv | 0.858 0.395 0.541 0.696 0.683 0.618 0.625 0.692 0.622 0.703 0.577 0.602
Jig 0.875 0.611 0.507 0.713 0965 0.833 0.576 0.963 0.796 0.962 0.600 0.739
OL 0.843 0509 0454 0.693 0.858 0.809 0.597 0.877 0.802 0.953 0.552 0.676
WSS | 0.698 0.519 0457 0.572 0776 0.727 0576 0.743 0.619 0.843 0.565 0.660

Table 14: ROC-AUC performance of TF-IDF SVM classifiers. Rows indicate the training set used, while columns indicate the
target test set. We show the highest ROC-AUC achieved for each test set in bold. We abbreviated the dataset names, please refer
to Table 11.

DHO DH DGH Eth ExM HSC HEv Jig OL SOL SWD WSS
0957 0594 0.649 0.843 0.980 0.885 0.623 0978 0902 0984 0.612 0.862

Table 15: ROC-AUC performance of Perspective API on our various test sets. We abbreviated the dataset names, please refer
to Table 11.
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