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Research topics:

* machine learning

« natural language processing

« document modeling, mining,
and recommendation

Research topics:

« social computing

« online health communities
» collective sensemaking

» discussion visualization

Research Questions

1. What could be potential ways to support forum discussions exploration in OHCs ?
2. Can we build a successful posts recommendation algorithm to support the guidance in OHCs discussion exploration ?

Posts Recommendation

The Dataset

The Problem

* Online health communities (OHCs)

Source: Tudiabetes.org, an online health community for diabetes self-management
Training data: 20,404 discussions; 296118 posts; 14.51 posts/discussion; sd = 45.27
Test data: 3 discussions; 3 anchors per; 122 posts; 40.67 posts/discussion; sd = 6.55
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3. Focus : once likelihood passes a satisfying

* Guidance (A): post recommendation algorithm threshold, get to the right information fast

that ranks the relevant posts with respect to
an user selected anchor post at 4 levels of

 TF-IDF performs well when posts discuss the same topics exactly in part, but
also discuss additional, different topics. These situations cause ambiguity for
NCBOW because the differences of the topics are averaged.

(A) explained:
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 Obtain crowd-sourced labeled data in large quantities to allow for semi-
supervised models and more statistically robust evaluation

* Introduce a multi-term relevance measure (+overlap purity, +overlap
importance, etc.) and train that model on the labeled data.

discussion what could be potentially the next best steps in
the exploration, but can also serve as a form of
discussion summary.

e believe there’s room to utilize posts recommendation as a form of guidance for discussion exploration. Our method allows for )
relevant-post recommendation without relying on any form of supervision (labeled relevance or domain-specific ontologies,

etc.) regardless of the discussion forum structure; it is a plug and play solution. Our best model shows promising results, but further




