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Abstract. Millions of users are today posting user-generated content
online, expressing their opinions on all manner of goods and services,
topics and social affairs. While undoubtedly useful, user-generated con-
tent presents consumers with significant challenges in terms of infor-
mation overload and quality considerations. In this paper, we address
these issues in the context of product reviews and present a brief sur-
vey of our work to date on predicting review helpfulness. In particular,
the performance of a variety of different machine learning approaches is
evaluated on four large-scale review datasets drawn from the TripAdvisor
and Amazon domains. Our findings highlight some interesting properties
of this task from a machine learning perspective and demonstrate that
author reputation, the sentiment expressed in reviews and review length
are among the most effective predictors of review helpfulness.
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1 Introduction

User-generated content comes in many forms; from the links and photographs
that are shared on social networking sites such as Facebook and Myspace, to
the ratings expressed for movies and books on Neflix and Amazon, to the opin-
ions expressed on blogs and the articles contributed to Wikipedia. This content
provides consumers with a wealth of information which is sourced everyday by
people engaging in online activities, such as sharing data with friends, deciding
which restaurant to frequent and shopping for all kinds of goods and services.

The growing volume and diversity of this content does, however, present
challenges to consumers. For example, the social networking site Facebook has
some 400 million active users, with each creating, on average, 70 pieces of content
each month1. The microblogging service Twitter is also enormously popular,
where approximately 55 million tweets are sent every day by almost 106 million
users2. Thus, while the creation of user-generated content is enthusiastically
1 http://www.facebook.com/press/info.php?statistics. Accessed 22/06/2010.
2 http://www.businessinsider.com/twitter-stats-2010-4. Accessed:20/06/2010.



supported, the shear quantity of such content can present a significant issue for
consumers when it comes to finding information that is of personal relevance.
Moreover, given that virtually anybody motivated to create content is free to do
so and given the pseudo-anonymous nature of the Web, there is no guarantee
that posted content is reliable, balanced, insightful and free of bias. Hence, a
clear need exists to assist consumers to effectively leverage this vast, but at
times unreliable, information source.

In this paper, we consider these issues of quantity and quality of user-
generated content in the context of product reviews. Review websites, such as
Amazon, Yelp and TripAdvisor have become a key resource for shoppers, travel-
ers and service consumers in general and assist people to make better informed
purchasing decisions based on the experiences of fellow consumers. Of course,
there is no guarantee that reviews are presented in a manner that is helpful to
consumers or that they are independent and free of the natural bias expressed
by product manufacturers or service providers. Here, we present a review of our
recent work [9–12] that applies machine learning techniques to identify the most
helpful reviews that are submitted for products. In particular, we evaluate the
performance of a variety of machine learning approaches, using feature selection,
on a large-scale datasets from the TripAdvisor and Amazon websites. The review
features we consider are derived from the structural and readability properties
of review texts, the reputation of review authors and the sentiment expressed in
reviews toward the product in question3.

Briefly, the paper is organised as follows. The feature sets used in our ap-
proach are described in Section 2. An evaluation of our approach using large
collections of TripAdvisor and Amazon product reviews in presented in Section
3. We conclude by discussing the significance and applicability of our approach
and presenting an outline for future work in Section 4.

2 Review Classification

Popular products often attract hundreds or even thousands of consumer reviews.
Some online services, in an effort to address this form of information overload,
allow users to provide feedback on the helpfulness of each review, and use this
data to rank review lists. While this approach is welcome, many reviews —
particularly the more recent ones — fail to attract any feedback. For example,
in the case of the Chicago dataset (consisting of TripAdvisor hotel reviews, see
Section 3.1) used in our evaluation, some 25% of reviews received no feedback
at all and only 35% of reviews received feedback on 5 or more occasions. Hence
the need exists for automated techniques that can predict review helpfulness in
the absence of user-supplied feedback.
3 In other work [5–8, 14, 15], review texts have also been analysed in terms of, for

example, lexical (e.g. unigram and bigram distributions), syntactic (e.g. analysis of
text composition in terms of the percentages of nouns, adjectives, verbs and adverbs
present in the text) and semantic (e.g. positive or negative opinions expressed with
respect to product features) properties. See [11] for an overview of this work.



Our objective is to distinguish between the helpful and unhelpful reviews that
are submitted for products by using a supervised machine learning approach.
First, we define how reviews are labeled (i.e. as either helpful or unhelpful) and
then describe the set of features used to create review instances.

2.1 Establishing Ground truth

In both the TripAdvisor and Amazon domains, users can provide feedback on
whether they found reviews to be helpful or not and we rely on such feedback
to establish the ground truth for review helpfulness. In particular, we define the
helpfulness (hri

) of a review, ri, as hri
= ni(pos)

ni(pos)+ni(neg)
, where ni(pos) and ni(neg)

are the number of positive and negative helpfulness ratings that review ri has
received, respectively. In order to distinguish the most unambiguously helpful
reviews from the rest, we label a review as helpful if and only if 75% or more of
the raters of that review have found it helpful, i.e. where hri

≥ 0.75.

2.2 Classification Features

We create review instances using features drawn from five groups and investigate
how such properties influence the helpfulness of reviews as perceived by users.
The features from each group are described in detail in Table 1; here we provide
a brief rationale for each of the feature groups considered.

Reputation features measure the helpfulness of reviews that have previously been
posted by authors, the hypothesis being that authors with an established record
in terms of posting helpful reviews are likely to continue to do so in future.

Sentiment features capture the experience that the review author has in relation
to the product. We note that reviews can vary in two dimensions; they can ex-
press either positive or negative sentiment in relation to the product in question
and they can be perceived as being either helpful or unhelpful by other users. In
our datasets (see Section 3.1), we find a strong correlation between review help-
fulness and sentiment; for example, in the case of the Chicago dataset, positive
sentiment (ratings of 4 or 5) was expressed in the majority (64%) of reviews, of
which 59% were perceived as helpful (Figure 1). In contrast, only 33% of reviews
expressing negative sentiment (ratings of ≤ 3) were perceived as helpful. Similar
trends were observed for the other datasets considered.

Social features provide the degree distribution statistics in the bipartite user-
product graph; for example, the number of review posted by each author and
the number of reviews posted for each product. Our hypothesis is that the more
prolific authors, i.e. those that have posted many reviews, tend to write more
helpful reviews. We are also interested in determining whether a relationship
exists between review helpfulness and the total number of reviews posted for a
product.
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Fig. 1. Chicago dataset: relationship between sentiment (rating) and review helpfulness

Structural features provide an indication of review length, format and complex-
ity. Review length is given by the number of words and sentences in the text and
we expect longer, more comprehensive, reviews to be perceived as being more
helpful by readers. Review format is captured by the number of paragraphs in
the text, the percentage of alphabet and lowercase characters used. Here, we
hypothesize that few paragraphs (in long reviews) or excessive use of uppercase
characters (considered shouting) are unlikely to be appreciated by readers. The
complexity of the text is indicated by the average word length (in syllables) and
we hypothesize that reviews containing many long, complex words are less likely
to be perceived as helpful.

Readability features measure the difficulty readers have in reading and under-
standing reviews [3]. These tests take into account some of the structural features
described above; for example, the Gunning Fog Index is a function of the percent-
age of complex words in a text and the average number of words per sentence.
A large number of readability tests have been proposed in the literature (see
[3] for a review); in this paper, we use four widely-used readability tests (see
Table 1). The rationale for considering multiple tests is that none of them cor-
relate perfectly given the different formulations and weighting factors involved
in each, and thus performance can be improved by applying a number of these
tests to texts, thereby improving generalization [12]. From a review helpfulness
perspective, reviews which are overly difficult (or simple) to read are unlikely to
be considered helpful.

3 Evaluation

In this section, we evaluate the performance of the features described above as
predictors of helpful reviews. To begin, we describe the datasets used in our
evaluation and the experimental methodology employed.



Table 1. Set of features extracted from product reviews

Group Feature Description

Reputation

Mean author reputation The mean helpfulness over all reviews posted by the
author.

Std. dev. author reputation The standard deviation of helpfulness over all re-
views posted by the author.

Sentiment

Author rating The rating (on a 5-point scale) assigned by the au-
thor for the product.

Mean author rating The mean rating assigned by the author over all
posted reviews.

Std. dev. author rating The standard deviation of the ratings assigned by
the author over all posted reviews.

Mean product rating The mean rating assigned to the product over all
posted reviews.

Std. dev. product rating The standard deviation of the ratings assigned to
the product over all posted reviews.

Social
Number author reviews The total number of reviews posted by the review

author.

Number product reviews The total number of reviews posted for the product.

Alpha. chars. (%) The percentage of uppercase and lowercase charac-
ters in the text.

Uppercase chars. (%) The percentage of uppercase characters in the text.

‘Paragraph’ chars. (%) The ratio of the number of <br> and <p> tags in the
text to the total number of characters in the text.

Structural Review length (words) The number of words in the text.

Number complex words The number of complex words (words with 3 or
more syllables) in the text.

Review length (sentences) The number of sentences in the text.

Mean word length The mean number of syllables per word.

Mean sentence length The mean number of words per sentence.

Readability

Flesch Reading Ease Computed on a scale from 1 to 100, with lower scores
indicating a text that is more difficult to read (e.g.
a score of 30 indicates “very difficult” text and a
score of 70 indicates “easy” text).

Flesch-Kincaid Grade Level Translates the Flesch Reading Ease score into the
U.S. grade level of education required to understand
a text.

Gunning Fog Index Estimates the number of years of formal education
required for a person in order to understand a text
on a first reading.

SMOG Acronym for Simple Measure of Gobbledygook; esti-
mates the years of education required to completely
understand a piece of text.



3.1 Datasets and Methodology

We used four large-scale review datasets for this study. We created two TripAd-
visor datasets by extracting all reviews prior to April 2009 for users who had
reviewed at least one hotel in either of two popular US cities, Chicago and Las
Vegas. In addition, we considered two sets of Amazon product reviews [1]; these
reviews relate to the DVD and music product domains.

To provide support when labeling review instances, we selected those reviews
from each dataset which had received feedback (either positive of negative) on
review helpfulness on a minimum of 5 occasions. In addition, we sampled from
these datasets to produce balanced datasets of equal size and consisting of train-
ing data with a roughly equal representation of both helpful and unhelpful class
instances. Statistics for the sampled datasets are shown in Table 2.

Table 2. Dataset statistics

Dataset # Users # Products # Reviews

Chicago 6,878 6,780 15,000
Las Vegas 10,520 5,516 15,000
DVD 9,352 7,844 15,000
Music 10,427 9,496 15,000

Classification performance is evaluated using area under the ROC curve
(AUC), which results in a value between 0 and 1 and is equal to the prob-
ability that a classifier will rank a randomly chosen positive instance (i.e. a
helpful review) higher than a randomly chosen negative instance (i.e. an unhelp-
ful review) [4]. However, because random guessing produces an AUC score of
0.5, no realistic classifier should have an AUC score less than 0.5. As a general
rule, classifiers that achieve AUC scores of less than 0.7 are considered to pro-
vide poor performance while those that achieve AUC scores in excess of 0.9 are
considered excellent [13]. Classification was performed using Weka [16] and all
reported results were obtained using 10 fold cross-validation.

3.2 Classifier Performance

We compared the performance provided by four classifiers on the datasets: näıve
Bayes, the J48 implementation of the C4.5 decision tree algorithm, the JRip im-
plementation of the Ripper rule learner and a random forest learning technique.
For the latter, we experimented with using 10 and 100 trees and found that both
conditions provided similar results; thus we used 10 trees in our experiments.

Results are shown in Table 3 when training instances were constructed using
all features. For all datasets, random forest provided the best performance, fol-
lowed in turn by JRip, J48 and näıve Bayes. In terms of dataset performance,
better classification was achieved for the Amazon datasets (DVD and Music)
compared to the TripAdvisor datasets (Chicago and Las Vegas). Further, it can



be seen that the AUC scores achieved for both Amazon datasets were very similar
over all conditions; whereas for the Amazon datasets, the scores for Las Vegas
were higher than those seen for Chicago. For example, using random forrest,
AUC scores of 0.799, 0.850. 0.970 and 0.969 were achieved for the Chicago, Las
Vegas, DVD and Music datasets, respectively. Overall, we conclude from these
findings that the feature groups described in Section 2, in conjunction with the
random forrest classifier, were quite successful in predicting review helpfulness.

Table 3. Classifier comparison (AUC)

Chicago Las Vegas DVD Music

Näıve Bayes 0.709 0.739 0.868 0.871
J48 0.735 0.778 0.913 0.915
JRip 0.764 0.817 0.940 0.939
Random Forrest 0.799 0.850 0.970 0.969

We also experimented with training set size versus classification performance
and the results are shown in Figure 2 using the random forrest classifier. As can
be seen, AUC continues to improve for the four datasets with the addition of new
data, even beyond 10,000 examples. This indicates that a complex relationship
exists between review helpfulness and the predictive features and that very large
training sets will be required to build good models.
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Fig. 2. AUC scores vs. training set size



3.3 Feature Groups and Feature Selection

We now consider the classification performance provided by each of the feature
groups described in Section 2. Results are shown in Figure 3 using random for-
rest. As before, very similar results were seen for the Amazon datasets, which
were significantly higher in all cases than those achieved for the TripAdvisor
datasets. For all four datasets, the reputation features provided best perfor-
mance (with notably very high AUC scores of 0.94 for both Amazon datasets,
and between 0.7 and 0.8 for the TripAdvisor datasets), followed by sentiment
features. Structural and readability features also performed quite well for the
Amazon datasets, although this was not the case for the TripAdvisor datasets.
For all datasets, social features performed poorly, with AUC scores of approxi-
mately 0.6 or less.
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Fig. 3. AUC scores achieved by feature groups

While the above analysis examined feature groups, we now consider the per-
formance provided by individual features using feature selection based on infor-
mation gain. The subset selection strategy we use is to rank the features using
information gain and then, starting with the highest scoring feature, evaluate us-
ing cross-validation the performance of a classifier built with that feature. Then
add the next highest ranking feature and reevaluate; repeat until no further im-
provements are achieved [2]. The results of this strategy (using random forrest)
are shown in Figure 4. Interestingly, random forest was able to get some use-
ful information from all features with performance continuing to improve until
all features were included. We note, however, that the inclusion of all features
does result in significantly reduced performance for the J48 and (to a lesser ex-
tent) näıve Bayes classifiers. Lower-ranked features appear to be very noisy and
lead to overfitting in the case of these classifiers (see [9] for details). In relation
to high-ranked features, author reputation, review sentiment and review length
were among the top-5 predictors of review helpfulness for all four datasets.
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4 Conclusions

In this paper, we have presented a brief summary of our classification-based
work on predicting the helpfulness of product reviews. Using large TripAdvisior
and Amazon review datasets, we have considered the performance provided by
various classifiers and feature groups. The ensemble random forest classifier pro-
vided best overall performance, with reputation and sentiment features proving
to be the best predictors. The best results were seen for the Amazon datasets,
which were higher in all conditions evaluated than those seen for the TripAdvisor
datasets.

In future work, we will analyze the differences in performance observed be-
tween the datasets drawn from the TripAdvisor and Amazon domains. In addi-
tion, we will consider addition review features (such as those proposed in related
work; see footnote 3), with a view towards reducing the reliance on user reputa-
tion features, given that not all services support feedback on review helpfulness
and hence such features will not always be available. In addition, we plan on ap-
plying our approach to mirco-blogging domains such as Twitter and blippr.com.
From a classification perspective, reviews from these domains introduce new
challenges given their short-form and noisy nature.
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