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Abstract In this paper we present the evaluation of two different approaches
with the aim of tackling the task of Sexual Predator Identification of PAN 2012
The first approach uses a dictionary of sexual terms in order to idethtifse
documents associated in some manner with a sexual predator behaviater

to do so, we use the sexual terms of the dictionary as a query in an irtfforma
retrieval system, thus, retrieving the documents that best match with #rg qu
introduced. The second approach uses the multinomial Naive Bays#ielas
order to detect sexual predators. The first approach perforrettdrtihan the
second one with low percentages of precision and high values of recall.
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1 Introduction

Nowadays there has been a growing number on the use of megsagtems such as
chats and instant messaging which provide sexual predagosd platform for sexual
purposes. Thus, it becomes very important to tackle thelpnmolof sexual predator
identification in order to ameliorate cases of sexual hanass. In this context, the 6th
International Workshop on Uncovering Plagiarism, Authdps and Social Software
Misuse (PAN’'12) has proposed a task named Sexual Predagotifidation with aims
to generate a framework in which different teams around thedamay compare their
approaches solving this particular problem. The goal isteigde an automatic method
that permits to detect chat conversations in which one peastempts any erotic or
suggestive remarks. The proposed task is subdivided ird@tu-tasks:

— ldentification of sexual predators. To detect the usersidered to be sexual preda-
tors by classifying those conversations containing sepredator behavior.

— ldentification of sexual predator chat lines. To detect fhexic lines in which the
sexual remark is done.

The above mentioned problem has been tackled in this réseamd by means of
two different approaches. The first one uses techniquesarfivation retrieval, whereas



the second uses classical methods of supervised machinagal he aim of this work
is to determine which one obtains the best performance.

The remaining of this paper is structured as follows. In ®a and 3, the two dif-
ferent approaches are explained. Section 4 shows thegestittined for each approach.
Finally in Section 5 the conclusions of this work are given.

2 Information Retrieval Based Approach

As mentioned before, this approach considers a number obséarms as query for
an information retrieval system. Each query is construetét one original sexual
term with its corresponding synonyms. For the indexing gss¢ the chat messages
that belong to the same conversation are considered to bewangmtd. Thus, we
constructed a posting list by using as document the targetecsations.

With the purpose of detecting those conversations usingstessociated with a sex-
ual orientation, we use the cosine similarity metric in oribedetermine the matching
degree between each conversation and each query. The ntafirbcedures is shown
in the Algorithm 1, witht f; 4 equal to the term frequency ¢fin documentd. For the

implementation, we considered the normalized versiotyds f; ; = Ui where

maz(f;)’

max(f;) is the maximum term frequency in the document. The numbeuefigs was
equal to 919 which matches the original sexual terms coraideand the weight of
each query term is calculated @s, = (0.5 + (0.5 x f; ;) X logw%, with N equal
to the number of conversations.

Algorithm 1: CosineScore(q)
Input: Posting List
Input: K : number of documents to return
Input: length[NV]: length of each document of the collection
float Scores[N] = 0;
Initialize length[N];
foreachtermt¢in ¢ do

calculatew, 4 and fetch postings list far;

foreach pair(d,t f+,q) in postings list do

L Scores[d]+ = wfi,a X wy,q;
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Read the array.ength[d];
g8 foreachd do
L Scores|d] = Scores[d]/Lengthl[d];

10 return Top K components of Scores]]

The top 10 documents for each query are returned as conemsassociated with
a sexual predator. Since, 10 documents at most are obtaineddh entry, we should
be returning 9190 conversations in total, but in our caseattgmed 9071 documents.



3 Multinomial Naive Bayes Approach

We have used a probabilistic supervised learning methodedamultinomial Naive
Bayes in order to determine sexual predators (as descnibgd)i The probability of
a document (messagé)being written by sexual predataris computed as shown in

Eq.(1).

P(ald)~ P(a) [] P(txla) @

1gkgnd

whereP(t;|a) is the conditional probability of the-th term ¢) occurring in a message
written by sexual predatar. Actually, P(¢;|a) measures the contribution of tertinso
that the message belongs to class. ng is the number of terms in messageP(a)

is the prior probability of a message written by sexual preda Since we are really
interested in finding the best class (sexual predator) fodticument, we may calculate
the maximum a posteriori (MAP) as shown in Eq.(2).

Amap = arg max P*(a|d) = arg max P*(a H P*(tg]a) (2
acA a€A 1<k<ng

P*(tx]a) is estimated by using Laplace smoothing, which simply addsto each
count (See Eq. (3)).

Tor, +1
Et'ev(Tat’ + 1)

whereT,,, is the number of occurrences of in training documents from classg
including multiple occurrences of a term in a document Hrid the corpus vocabulary.

P*(tgla) = 3

4 Obtained results

In Table 1, the obtained results for the two approaches awrshAs can be seen, the
number of conversations retrieved produced a result wgh hecall and low precision.

Table 1. Sexual Predator Identification (Goal: Identify the predators)

Task Retrieved Relevant precision recall F1 F6 = 0.5)
dictionary of terms 9071 232 0.0256 0.9280 0.0498 0.0378
multinomial Naive Bayes 5225 97 0.0186 0.3880 0.0354 0.0272

In Table 2 the number of correct lines obtained are evalu&iede the organizers of
the competition evaluated this part manually, we do not lhaselts for the information
retrieval based approach. The number of lines retrieved tEgh in comparison with
those lines that really show a sexual predator behavior.



Table 2. Sexual Predator Identification (Goal: Identify predators line)

Task Retrieved Relevant precision recall F¢ = 1) F(3 = 3)
multinomial Naive Bayes 6787 47 0.0069 0.0073 0.0071  0.0072

5 Conclusions

We have attempted two basic approaches for the sexual preidantification task.
One approach based on information retrieval techniquesttesecond one that uses
a supervised classifier based on Naive Bayes. The first agppsaformed better than
the second one with low percentages of precision and higlesaif recall.
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