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What is a Helpful Review?

• Provides useful and informative
feedback to potential customers
or users

• Contains specific details about
the product or service

• Usually includes both positive
and negative aspects of the
product or service

• Helpful review may include
suggestions for improvement or
alternative products



Problems in User Reviews

• User reviews may contain spam, excessive appraisal, or unexpected
biases.

• Multiple factors that affect the quality of a review. These factors are
not usually explicit in the review text.
• Reviewers’ life experience

• Educational background

• Motive for writing the review
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• Multiple factors that affect the quality of a review. These factors are
not usually explicit in the review text.
• Reviewers’ life experience
• Educational background
• Motive for writing the review

• Customers usually have limited patience for reading reviews – most
customers read less than 10 reviews before making a purchase
decision (Murphy, 2016).

• Large volume of reviews and their unpredictable quality and the
limited customer patience demand better review utilization
strategies.



Helpfulness Votes

• One standard method to identify more informative reviews is to ask
for feedback from customers.
• “Was this review helpful to you?,” or “Did you find this review helpful?”

• User reviews that gain the most helpful votes are shown first to the
potential buyers to make the decision easier.



Helpfulness Votes

• One standard method to identify more informative reviews is to ask
for feedback from customers.
• “Was this review helpful to you?,” or “Did you find this review helpful?”

• User reviews that gain the most helpful votes are shown first to the
potential buyers to make the decision easier.

• Problems
• The voting data suffers from scarcity (Siersdorfer et al., 2010) since only a

tiny proportion of customers are willing to cast helpfulness votes.

• The scarcity is even more severe in reviews of less popular products and
more recently submitted reviews (a.k.a., cold-start reviews)



Can we automatically identify helpful reviews? - Related Works

• Text Only
• Extracted hand-crafted features from the review text.

• Structural (Susan and David, 2010; Xiong and Litman, 2014),

• Lexical (Kim et al., 2006; Xiong and Litman, 2011),

• Syntactic (Kim et al., 2006),

• Emotional (Martin and Pu, 2014),

• Semantic (Yang et al., 2015),

• Arguments (Liu et al., 2017)

• Chen et al. (2018) uses a text-based CNN model to automatically capture the
character-level, word-level, and topic-level features.

These methods heavily rely on manual feature engineering, which is labor-intensive and time-consuming.



Can we automatically identify helpful reviews? - Related Works

• Text and Star Rating
• Fan et al. (2018) uses an end-to-end multi-task neural architecture with the

help of an auxiliary task, such as rating regression.

• Text and Image
• Recently, Liu et al. (2021) and Han et al. (2022) use both text and images to

guide the review helpfulness prediction.

• Image field is usually optional in reviews, a large volume of reviews contain
only text, for which these multimodal models would produce inconsistent
results.



Our Focus [Text + Metadata]
• Incorporating the reviewer’s expertise 

and temporal information in reviews to 
predict the helpfulness, especially for 
unreliable and cold-start reviews.

• People who post more reviews and 
earn more helpful votes are more likely 
to be better reviewers.

• Recently submitted reviews may contain 
more relevant and time-sensitive 
information (e.g., "New COVID 
Restrictions" or "Dirty Pool Area") but 
no helpfulness vote.



Dataset Construction

• No human-annotated dataset available with the reviewers’ 
attributes and review date. 
• We build our dataset by scraping reviews from TripAdvisor.

• Reviews
• Review Text

• Total Review Helpful Votes

• Review Posting Time

• Reviewers
• Total Number of Reviews Contributed

• Cumulative Helpful Votes



Dataset Construction

• We leverage a logarithmic scale to categorize the reviews based on 
the number of votes received.

• We map the number of votes into five intervals (i.e., [1,2), [2, 4), [4, 
8), [8, 16), [16, ∞)), each corresponding to a helpfulness score 𝑌 ∈ {1, 
2, 3, 4, 5}, where the higher the score, the more helpful the review.



Review Helpfulness Prediction (RHP)

• Review Helpfulness Prediction (RHP) can be modeled as a supervised 
machine learning task where the input contains information about 
the reviews (R) and the reviewers (U). 

• We formulate the task where we seek to find a model 𝑓 that 
minimizes the loss function. 

• S = Review Sentence

• t = Review time

• n = num of review posted

• m = num of helpful votes received



Review Helpfulness Prediction (RHP)

• We encode the review sentences using BERT.

• In this work, we also integrate reviewer expertise and temporal 
information of the reviews.



Integrating Reviewer Expertise and Time

• Expertise
• Reviewers who post more reviews and earn more helpful votes are likely to 

be better reviewers.



Integrating Reviewer Expertise and Time

• Expertise
• Reviewers who post more reviews and earn more helpful votes are likely to 

be better reviewers.

• Temporal Information
• Older reviews are more likely to accumulate more helpfulness votes than

newer reviews but are not necessarily the most relevant describing the
current conditions (e.g., new COVID restrictions).



Integrating Reviewer Expertise and Time

• We define the term reviewer expertise as the mean number of 
helpful votes received per review. 

• Let 𝑡𝑑 be the relative age of a review in days, for example, as of the 
day the reviews are scraped.

• Both the review age and the reviewer expertise are normalized to a 
fixed range [𝑎, 𝑏]



RHP Model

• We concatenate the textual representation, expertise representation, 
and temporal representation to get the final embedding.



Experimental Results



Analysis

• We randomly selected m examples for
each class of reviews considering
helpfulness votes.

• We extract Top K (where K = 5) n-
grams from each class of reviews to
identify the most relevant keywords or
topics in reviews to assess what
aspects are most talked about the
items.



Case Study

• The top-ranked words are highly 
representative of the aspects or 
facilities listed on the restaurant 
page. 

• We also notice that the use of 
personal pronouns (e.g., I, we, 
they, etc.), describing personal 
experiences, contributes to the 
helpfulness prediction. 



Limitations & Future Work

• How to incorporate personal preferences for the helpfulness 
prediction task?

• We aim to extend this work to support more languages.



Thanks!

☺
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