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Introduction

Rating prediction problem

A popular approach to the recommendation problem is
based on prediction of unknown ratings.

[tem 1 | [tem 2 [tem m
User 1 3 5 4
User 1 5 3 ???
User n 4 1 ??77?
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Introduction =~ Research Question

Research Question

Question
How can we make recommendations of item taking into account prior
user reviews of items?

Our approach

| A

Estimate unknown reviews that the user can write about an item by
analyzing the set of historical reviews using text mining and sentiment
analysis methods.

| A

Example

“I'love their burger.. But for 20 bucks, while tasty | just didn't think
this particular burger was worth it.”

Estimation:
» BURGER - like
» PRICE - dislike
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Introduction Research Question

Importance

Why it is important?
New and different approach to recommendations based on
estimating importance of various aspects of the review.

Relation to multidimensional ratings

Our review estimation approach is dynamic (vs. fixed for
MD ratings) because it provides an idiosyncratic set of
important aspects for each particular pair of user and item.

We expect that this method should result in better
recommendations (WIP).
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Method = Overview

Method of estimating unknown reviews

Input: set of historical reviews
Output: for a new (unknown) review r our method

» identifies a set of aspects A, that would appear in
review r
» predicts the sentiments for aspects from A,

» provides an explanation of what is special about item /
to user u by presenting the distinctive set of features
that we believe user u will like or dislike about item 1.
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Method = Overview

Method of estimating unknown reviews (cont.)
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1. Aspect identification and sentiment aggregation
2. Building user and item profiles

3. Training the Aspect “Presence” and “Sentiment”
models
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Method Steps of the Method

Aspect identification and sentiment aggregation

» Determine set of aspects A, and corresponding set of
sentiments for review r

» use Opinion Parser [Liu, 2010].

@ Had lunch in Taqueria today. @ Ordered the taco
with rice and beans and it was great. @ The service was
quick. @ The atmosphere was dark and soothing.”

» FOOD - positive

» SERVICE - positive

» ATMOSPHERE - positive
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Method = Steps of the Method

Building user and item profiles

For each user u (item i), for each aspect x in a given
application we compute the following statistics:
» F, — Fraction of reviews from H, containing aspect x
» TFIDF, — analogue TF-IDF
» Sy — Average sentiment of aspect x in set H, (H;).

Example: Restaurant Village

aspect | Fx | TFIDF, | Ny | Ny | N_
wine | 0.23| 0.053 |0.67 | 0.15|0.18
desert | 0.34 | 0.028 |0.32]0.43|0.25
service | 0.65 | 0.003 | 0.76 | 0.03 | 0.21
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Method = Steps of the Method

Training the Aspect Presence and Sentiment models

Use two approaches:

» pRF — a classification model Random Forests based on
the features from user’s profile P,, item’s profile P,
and their interaction.

» aMF — Matrix Factorization model based on aspects
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Method = Steps of the Method

Review Estimation

Apply Aspect Presence and Aspect Sentiment models to
predict the set of important aspects & their sentiments for
a review.

Example of the output of our method

We believe that in Gotham Grill restaurant you will like
DUCK, WINE, and SERVICE, but you would probably
don't like DESSERT there.

| A\
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tal Settings
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Experiment  Experimental Settings

Performance Measures

Baselines with which we compare our method

» All Aspects Included (AAIl), All Aspects Positive (AAP)
» Random predictions
» Item Average (IA) — predicting that aspect x would
occur in a review of item / if x appears in more than
50% of item i's historical reviews.
Performance measures

» Jaccard coefficient between the set of predicted aspects
and the set of real aspects presented in a review

» F1 score, Receiver Operating Characteristic (ROC)
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Experiment Results

“Aspect Presence” prediction quality

Category Restaurants Beauty & Spas
Predictor | Jaccard | avg(F1) | Jaccard | avg(F1)
AAl .390 .280 .570 .352
Baselines Random 273 492 .364 472
1A .330 .629 .550 .602
pRF | .387 .633 .567 .629
Our methods | ——Ge—395 601 | 550 | 588
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Results

Jaccard coefficient distribution for |A vs pRF
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Figure: Restaurants "Aspect Presence” — distribution of Jaccard coefficient
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ment Results

“Aspect Presence” — ROC

Receiver Operating Characteristic curves Receiver Operating Characteristic curves
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Figure: ROC for Restaurants (left) and Beauty&Spas (right) applications

pRF outperforms other approaches
» statistically significant for some measures
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Experiment Results

“Aspect Sentiment” prediction quality

Category | Restaurants | Beauty & Spas
Predictor avg(F1) avg(F1)
AAP 0.428 0.436
Baselines Random 0.487 0.475
1A 0.478 0.482
PRF 0.515 0.526
Our methods | —— e 549 0.554

aMF outperforms other approaches I
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Contribution

» Novel method for estimating unknown reviews

» Simple and powerful explanations of why
particular items are recommended to the users

» Testing the proposed review estimation method
on the actual “real world” reviews

Use the proposed method to provide
recommendations.
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Experiment  Contribution

Thank You!

Konstantin Bauman
kbauman@®@stern.nyu.edu
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