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METHOD

INTRODUCTION

The problem of classification in supervised learning is a widely studied one. Selected ,...|;'_,F‘“a' selected
. . . . . . . Category Category
Nonetheless, there are scenarios that received little attention despite its appli-
cability. One of such scenarios is early text classification, which deals with Y vee
the development of predictive models that can determine the class a document READ i I!:-‘-" ol e Decision | STOP
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belongs to as soon as possible. Here a document is assumed to be processed | pocumeny | Pocument CPI =2 vector f?Mc > |READING?
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one. In this context, it is desired to make predictions with as little informa- =
tion (as soon) as possible. The importance of this variant of the classification
problem is evident in tasks like sexual predator detection, where one wants to
identify an offender as early as possible. [1]

It is important to note that the early text classification problem consists ot
two related and complementary tasks. On the one hand, the task of classifi-
cation with partial information (CPI), which consists of obtaining an efficient
predictive model when only partial information is available that has been read
sequentially up to a certain point in time. Here, the emphasis is to determine
which classification methods are more likely to achieve performance compara-
ble to that obtained when classified using the entire document. On the other
hand, we have the task of decision of the moment of classification (DMC), that
is, in which point in time one can stop reading and classify with some degree
of confidence that the prediction is going to be correct. [2]

In this work, we apply this framework to the early detection of signs ot
depression in users in an online forum [3].

sequentially, starting at the beginning and reading its containing parts one by T

EVALUATION METRIC

lco(k) - ct,, if the decision d; is correctly positive

EDE,(d, k) = { ¢} + cg,  if the decision d; is incorrectly negative

and if the decision d; is incorrectly positive

where d represents the decision made for all the categories, d; the decision on
category ¢ and k the time when the decision is made. Constants ¢, ¢g, and

c;, indicate the cost associated with the decision on the category being false
positive, false negative or true positive, respectively. The values given to these
constants depend on the particular addressed problem. The factor lc,(k) €
0, 1] encodes the cost associated to the delay in detecting true positives. [2]

RESULTS

Model comparison Results of the model comparison
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FUTURE WORK

1. Adapt the framework to read chunks of posts so we can compare our
results with those reported in the erisk task [4].

2. Use a different document representation for the CPI model, for example
the TVT [5].

3. Augment the contextual information of the DMC model with more infor-
mative features, for instance use the words with highest information gain
as relevant words or use external information like a depression lexicon.

percentage of document read
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