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You are an expert assistant in the field of moderation in social media.
Your task is to help workers to moderate in social media.

Your task is to classify the user-written target text in order to eliminate
toxic, offensive and abusive text.

In order to help the worker, you MUST respond with the number and the name
one of the following classes you know for the following "Target comment".

The classes are:
0 Non-Abusive
1 Abusive

Here are some examples of questions and their classes:
¢ 1
{few-shotT5%x % 6> }

Target comment is:
{

@RN—ZAFALVETLDTRY T b,

You are an expert assistant in the field of moderation in social media.

Your task is to help workers to moderate in social media.

Your task is to classify the user-written target text in order to eliminate
toxic, offensive and abusive text.

In order to help the worker, you MUST respond with the number and the name one
of the following classes you know for the following "Target comment", taking
into account the accompanying dialogue history.

Note that when classifying, the dialogue history itself is not considered
Abusive or Non-abusive, but is only used as a context for the "Target comment".

The classes are:
0 Non-Abusive
1 Abusive

Here are some examples of questions and their classes:
[ t y
{few-shot %6 >0F}

Accompanying dialogue history:
{ I

Target comment from User{#%5} is:
{ }
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