Predicting the Likelihood of Response in a Messaging Application

Motivation
Group messaging services send users
notifications when they get messages.
We aim to classify these messages by
the user’s response likelihood. The
service could then only send notifications
that the user is likely to respond to.

Data Source
We used data from one Facebook
Messenger group that both group
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Learning Models

We predict based on the result of:
arg max p(|y)p(y)
Bernoulli Naive Bayes:

Assume features are Multivariate Bernoulli [1]
p(zily) = p(ily)z; + (1 — p(ily))(1 — z;)

Gaussian Naive Bayes:

Assume features are Gaussian [1]

p(zily) =

| Train

Experimental Results
We focused on one of the most active members in the group. During our testing, we saw that users
had similar error, FP and FN rates, but this user had the best F1 scores:
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members are in. This group has 27
users with over 10,000 messages.

Support Vector Machine (SVM):

SVM solves the following to maximize the margin
and minimize the training error

We used a 70/30 train/test split of our data, which came out to 7900/3400 examples. We used
cross validation and feature selection to pick the best parameters and features for each model.

We had different labelings per user. All
messages sent 20 min before messages
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Message Type is one of [Question,

Link, Comment]. We also considered the
text itself. For LSTM we passed in a
vector representation of the first 20
words and for all other models we
passed a bag of words.

embedding

iImplement the classifiers we built into a real notification filter by building a basic chat application.
Each LSTM cell computes the following [2]:
Ci = [ xCyq + i+ C

h: = o4 * tanh(C})
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