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The Recipe for the Perfect Review?

An Investigation into the Determinants of Review Helpfulness

We analyze determinants of review helpfulness in online retailing based on Wang and
Strong’s (1996) data quality framework. Helpful reviews consist of 9 % of adjectives, display
high product feature entropy, and present opinions that differ from previous reviews for the
product in question. Other helpfulness determinants depend on whether experiential or
utilitarian products are reviewed. Our research points e-shop providers towards two major
improvements in their review systems.
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1 Introduction

Consumers’ increasing propensity to
shop online for all kinds of products –
utilitarian and experiential – has made
online retailing both a very attractive and
a very competitive business. Online re-
tailers are trying to attract and retain
customers by offering innovative website
features which improve the online “shop-
ping experience”. One particularly suc-
cessful feature is the online review sys-
tem, which provides consumers with the
opportunity of exchanging their opinions
on the products they bought. Consumer-
generated product reviews decrease in-
formation search and product evalua-
tion costs and reduce the incentive for
consumers to leave the retailer’s web-
site in their search for product infor-
mation. All major retailing websites now
feature extensive review sections (e.g.,
Amazon.com, Staples.com). They have
become so important that websites like
Epinions.com have been able to make a
successful business out of building and
selling large “opinion bases” of consumer
reviews.

But online review systems are threat-
ened by their own success. Instead of al-
leviating information overload, they have
become another source of it. Take the
Kindle Fire, a tablet computer produced
by Amazon. Since its release date on 15th
November 2011, it has been reviewed
over 18,000 times on Amazon.com. Even
mundane items like Multipurpose Pa-
per Reams impress with over 5,000 re-
views (Staples.com). Most online retail-
ers quickly realized that their customers
need and want control beyond date-
based sorting over the information dis-
played to them (Weathers et al. 2007)

and introduced mechanisms to help con-
sumers find good reviews faster. User-
generated “helpfulness” rankings are per-
haps the most popular control mecha-
nism. Having read a review, consumers
can vote on whether they thought it
helped them in the purchasing process.
Consumers can choose to have all re-
views displayed in order of their help-
fulness ratings. Perhaps not surprisingly,
reviews with high helpfulness scores
strongly influence product sales (Chen
et al. 2008).

Unfortunately, helpfulness-based rank-
ings suffer from two major flaws. First,
many reviews are never voted on at
all, which makes it impossible to rank
them. Unranked reviews diminish the
benefits consumers derive from using
the review system: product information
search and evaluation costs rise. Second,
it is unclear which factors actually de-
termine a review’s helpfulness. In par-
ticular, current review systems do not
provide mechanisms for estimating how
valuable a new review is in relation to
the set of currently available reviews.
This makes it harder for reviewers to
learn how to write good (i.e., helpful) re-
views. Amazon.com, for instance, merely
recommends that reviewers “be detailed
and specific” and “aim for between 75
and 300 words” (the minimum length is
20 words). It is unclear on which evi-
dence the Amazon.com advice is based.
In fact, several empirical studies found
a positive linear relationship between re-
view length and helpfulness (Otterbacher
2008; Mudambi and Schuff 2010), sug-
gesting rather “the longer the review the
better”.

Business & Information Systems Engineering 3|2013 141

brought to you by COREView metadata, citation and similar papers at core.ac.uk

provided by AIS Electronic Library (AISeL)

https://core.ac.uk/display/301359434?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1
mailto:Michael.Scholz@Uni-Passau.De
mailto:Verena.Dorner@Uni-Passau.De
http://www.wirtschaftsinformatik.de
http://www.wirtschaftsinformatik.de
http://dx.doi.org/10.1007/s11576-013-0358-2
http://dx.doi.org/10.1007/s11576-013-0358-2
http://dx.doi.org/10.1007/s12599-013-0259-3
http://Amazon.com
http://Staples.com
http://Epinions.com
http://Amazon.com
http://Staples.com
http://Amazon.com
http://Amazon.com


BISE – RESEARCH PAPER

Fig. 1 Original data quality framework (Wang and Strong 1996)

We conducted a comprehensive survey
of research on the determinants of re-
view helpfulness in Amazon-like retail-
ing review systems.1 Unfortunately, the
results reported in prior studies are con-
tradictory. Our contribution to research
on online consumer reviews is twofold.
First, we build a basis for reconciling con-
flicting prior findings by anchoring them
in Wang and Strong’s (1996) well-known
data quality framework. Second, we de-
velop a model for explaining review help-
fulness and empirically test it on three
utilitarian and three experiential product
categories from Amazon.com.

Review systems could be much im-
proved if we knew which factors deter-
mine review helpfulness. Online retailers
could introduce automatic review scor-
ing systems to reduce consumer search
costs. They could also provide better re-
viewer support to improve average re-
view quality. Consumers would have less
incentive to leave the retailer’s website
to search for information elsewhere and
would find suitable products more easily,
which would increase sales and customer
satisfaction (Chen et al. 2008).

The remainder of this paper is orga-
nized as follows. In the next section,
we review related work and show how
Wang and Strong’s (1996) data quality
framework can be applied to structure
prior research. Section 3 describes our re-
search model for investigating the deter-
minants of review helpfulness. Section 4
presents the empirical evaluation of our
research model. Implications for research
and practice as well as limitations follow
in Sect. 5.

2 Literature Review and
Theoretical Foundations

2.1 Framework of Review Helpfulness
Determinants

Research on traditional (offline) word-
of-mouth (WOM) has produced a num-
ber of explanations why consumers
might find a particular piece of infor-
mation helpful. Many of these have been
transferred to and tested in online (elec-
tronic WOM, eWOM) contexts (Dellaro-
cas 2003). Among the features which
have been found to affect readers’ per-
ceptions of online product reviews are,
for instance, writing style, number of
discussed product attributes, and author
identity disclosure (Ghose and Ipeirotis
2011). But prior research has produced
mixed results regarding the influence of
these features. A structured approach
which would help explain and reconcile
these differences is missing so far. We
applied Wang and Strong’s (1996) data
quality model to discover the main cate-
gories of helpfulness determinants. High-
quality or “helpful” reviews are those
which help online consumers purchase
“the right” product. This understanding
are consistent with Wang and Strong’s
(1996) definition of high-quality data as
“data that are fit for use by data con-
sumers”, with “fit” being determined by
the (data) needs of the “data consumer”
for solving a specific task.

All previously investigated review “fit-
ness” or helpfulness determinants fall
within three out of the four original di-
mensions, “intrinsic quality”, “contextual
quality”, and “representational quality”
(Wang and Strong 1996).2

Online-Appendices A and B present
previous research structured according to
our adapted model (Fig. 1).

2.2 Existing Literature on Review
Helpfulness Determinants

Objectivity, while desirable in advertis-
ing where consumers are less inclined
to believe subjective than objective in-
formation (Ford et al. 1990), can have
quite the opposite effect in the eWOM
context. Readers of (largely anonymous)
reviews try to infer from review con-
tent to which extent their preferences
overlap with the reviewer’s preferences.
Product-related statements and opinions
may be influenced either by the re-
viewer’s personal preferences or by “en-
vironmental” causes, in our case prod-
uct features (Folkes 1988). Subjective re-
views – discussing personal experiences
with the product – permit easy inferences
as to the causes (environmental or per-
sonal) for evaluative statements, and to
how likely it is that the reader’s and the
reviewer’s product assessments will co-
incide. Results from prior research are
mixed. Zhang and Varadarajan’s (2006)
and Liu et al. (2007) results suggest that
subjectivity performs poorly in separat-
ing helpful from unhelpful reviews. Hao
et al. (2009) and Ghose and Ipeirotis
(2011), however, found that subjectivity
significantly influences helpfulness. Chen
and Tseng (2011) could distinguish best
between helpful and unhelpful reviews
with models including this feature.

Another signal that a review might
contain valuable, true information is the
author’s reputation. If consumers are not

1Amazon-like review systems require reviewers to give an overall star rating and a free-format review (minimum length 20 words), but not to rate
products on mandatory standardized criteria (e.g., TripAdvisor.com).
2Two studies on review helpfulness (Jin and Liu 2010; Chen and Tseng 2011) used parts of this framework to derive review quality measures.
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motivated or cognitively able to pro-
cess elaborate messages, superficial pe-
ripheral cues can improve message per-
suasion (Cacioppo and Petty 1984). One
such cue is authority. Reviewers can en-
hance their authoritative status by posing
as (self-described or third-party verified)
experts for a certain product category; or
they can establish a reputation for writing
particularly helpful reviews. Apart from
reducing the cognitive costs of processing
reviews, such signals also help consumers
infer whether a reviewer’s evaluation is
based on non-veridical knowledge (Eagly
and Chaiken 1984). Results by Liu et al.
(2008) and Chen and Tseng (2011) indi-
cate that reputation (in combination with
other features) is a very good classifier.

Consumers draw similar inferences
about source credibility, which influences
review persuasiveness and adoption, es-
pecially when consumers evaluate expe-
riential goods (Jain and Posavac 2001).
Credibility in our context refers to the ex-
tent to which a review can be trusted to
contain true information. This may not
be the case if the reviewer is reluctant
to relate her true experiences or beliefs
(Eagly and Chaiken 1984). Consumers
may try to infer whether a review is likely
to contain truthful information by check-
ing the reviewer’s identity, e.g., to dis-
cover ties to the reviewed product’s com-
pany. Forman et al. (2008) found that
reviewers who disclose their name tend
to receive a higher number of helpful-
ness votes on their reviews, in particu-
lar when their overall product rating is
moderately equivocal. Ghose and Ipeiro-
tis’s (2011) results also indicate that iden-
tity disclosure positively affects perceived
helpfulness.

Value-added indicates whether a new
review provides additional or different
opinions compared to the opinions al-
ready available from the review corpus.
This can serve to adjust early reviewer
bias (if present) over time (Li and Hitt
2008) and increase consumer trust by
providing a broader scope of opinions
(Schlosser 2011). If extreme ratings dom-
inate review sections for certain prod-
ucts, consumers may think it unlikely
that any reviews contain balanced argu-
ments. Consumers who are interested in
“both sides of the coin” will feel the need
to refer to a variety of reviews to collect
diverse opinions. If prior reviews are all
positive (negative), consumers are likely
to perceive a new review with a nega-
tive (positive) opinion as more helpful
than another positive (negative) review.

Results by Danescu-Niculescu-Mizil et al.
(2009), Jin and Liu (2010), and Otter-
bacher (2008) support the supposition
that divergent reviews add value to the
review corpus.

The amount of data contained in a re-
view has a positive impact on perceived
helpfulness (Zhang and Tran 2011). Mu-
dambi and Schuff (2010) account for this
finding with the explanation that deci-
sion confidence is higher when more rea-
sons are made available to the decision-
maker (Tversky and Kahneman 1974),
and that arguments are perceived as more
persuasive when the quantity of available
information is greater (Schwenk 1986).
Regardless of product type, apparently,
a higher amount of data in the review
increases decision confidence and review
persuasiveness and has a positive im-
pact on helpfulness (Korfiatis et al. 2008;
Mudambi and Schuff 2010; Zhang et al.
2010; Wu et al. 2011).

Timeliness describes how early a re-
view was posted. This may influence per-
ceived helpfulness in one of two ways.
Earlier reviews may attract more atten-
tion and more positive helpfulness votes.
Later reviews, on the other hand, may
be viewed as more up-to-date and, for
this reason, as more helpful (Hao et al.
2009). Results on the impact of timeliness
are mixed: Otterbacher (2008) and Chen
and Tseng (2011) found that it does not
significantly improve classification. Wang
et al. (2011) included a time-decay fac-
tor in computing helpfulness-based re-
view rankings and found that their met-
ric outperforms purely helpfulness score-
based rankings. Pan and Zhang (2011)
found that a review’s age has a significant
positive effect on review helpfulness.

Ease of understanding positively influ-
ences the likelihood that a consumer will
adopt a recommendation (Eagly 1974)
and that she will perceive a review as
helpful (Ghose and Ipeirotis 2011; Chen
and Tseng 2011). Lower levels of ease of
understanding indicate that higher cog-
nitive effort is necessary to process a text,
which makes it (on average) less likely
that a random reader will understand it.
Easily comprehensible reviews, which re-
quire less cognitive effort in reading, are
more likely to be perceived as helpful
(Korfiatis et al. 2008; Ghose and Ipeirotis
2011; Wu et al. 2011).

Interpretability refers to the degree to
which the opinions voiced in a review
are easily identified as being positive or
negative. If they are easy to interpret

(classify) as positive or negative, the re-
view is likely to be perceived as helpful
(Schlosser 2011). Reviews are particularly
helpful if they contain highly diagnos-
tic information which helps consumers
assign a product to precisely one cog-
nitive category (for instance, “low qual-
ity”). Review diagnosticity is expressed
by the star rating. Extreme ratings per-
mit the consumer to classify the reviewed
product almost instantly as “good” or
“bad”. Reviews with moderate overall
ratings are more likely to contain am-
biguous information. Evaluating such re-
views demands a greater cognitive ef-
fort, which leads to lower perceived help-
fulness (Forman et al. 2008; Ghose and
Ipeirotis 2011). Contrary to these find-
ings, Pan and Zhang (2011) discovered
positive linear relationships between rat-
ing and helpfulness for both experiential
and utilitarian products. Reviews on ex-
periential products were generally con-
sidered less helpful, and negative reviews
on experiential products were signifi-
cantly less likely to be helpful than neg-
ative reviews on utilitarian goods. Mu-
dambi and Schuff (2010) reported yet
another result: they found that product
type moderates the relationship between
rating extremity and helpfulness. Experi-
ential goods exhibited an “inverted U”-
shaped relationship and utilitarian goods
a “U”-shaped relationship. Mudambi and
Schuff (2010) argue that consumers of
experiential goods prefer moderate to ex-
treme reviews because they are inter-
ested in obtaining balanced information.
If the assumption that consumers ex-
pect moderate reviews to hold more bal-
anced views is true, the overall rating acts
as a peripheral cue for review balance.
Since it is harder for consumers of expe-
riential goods to infer from review con-
tent whether personal or product-related
causes shape the reviewer’s opinions, they
find balanced reviews more helpful. Con-
sumers of utilitarian goods, on the other
hand, may prefer extreme reviews be-
cause they can easily discern personal
and product-related causes for reviewer
(dis-)satisfaction.

Structuring all prior research along the
lines of Wang and Strong’s (1996) frame-
work thus provides a comprehensive view
of the factors (potentially) determining
review helpfulness (Fig. 1), which we will
use in Sect. 3 to build our research model.
In the next subsection, we discuss how
we adapted Wang and Strong’s (1996)
generic framework to fit it to our con-
text. Online-Appendix C summarizes the
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adapted definitions for all relevant data
quality constructs.

2.3 Adapted Framework of Review
Helpfulness Determinants

The dimension “intrinsic quality” con-
tains all single-review characteristics re-
lated to review content (objectivity, ac-
curacy) and author (reputation, credibil-
ity). Accuracy, albeit intuitively impor-
tant, is difficult to measure. Divergent
opinions on product features may not in-
dicate errors in judgment but be due to
different consumer preferences (Li and
Hitt 2008), expectations (Bone 1995),
or even isolated manufacturing errors.
The construct accuracy must be dropped
from this dimension for lack of reliable
measurement instruments.

“Intrinsic quality” assumes that quality
depends solely on review-immanent fea-
tures. In contrast, the dimension “con-
textual quality” sets each review in re-
lation to its context, which is described
by reader requirements (relevancy) and
review corpus (value-added, timeliness,
appropriate amount of data, complete-
ness). Wang and Strong’s original dimen-
sions only take data consumers’ task-
related requirements into account. Since
the specific information-seeking task is
unknown in our context (e.g., birthday
present or manufacturing problem), the
task-centric perspective is a poor fit to
our research setting. We therefore pro-
pose that relevancy be omitted. Many
previous studies consider reviews which
discuss all features as the gold stan-
dard for helpfulness. We believe that
this view systematically underestimates
the value of reviews which evaluate a
product only partially. If no other re-
view has commented on a particular fea-
ture before, a review focusing on this
feature may be more helpful than an-
other comprehensive review which does
not address this feature. Completeness
may not even be desirable for consumers
who search for information on partic-
ular features only. In our opinion, it is
a secondary concern in review systems
that quickly attract large numbers of re-
views and is therefore omitted from our
analysis.

“Representational quality” contains all
aspects related to review formatting (con-
ciseness, consistency) and writing (inter-
pretability, ease of understanding). Since
all major retailers only offer one format

type which is determined by the retailer,
conciseness and consistency are largely ir-
relevant for all research conducted on a
single website.

As a final adaptation, we propose to
drop the dimension accessibility.3 Data
management-related issues like data se-
curity and confidentiality cannot be
influenced by the reviewer, but are
platform-dependent. We therefore omit
them from further discussion.

Prior research has not addressed three
problems so far. First, almost all pre-
viously used prediction models do not
accommodate all (potentially) important
review features (see Online-Appendix A),
reducing their model’s explanatory
power. Chen and Tseng’s (2011) study is
the only exception; however, their main
contribution lies in evaluating the per-
formance of different support vector
machines and feature-based classifiers
for query-dependent review retrieval.
The results are only partially suitable for
explaining which features affect review
helpfulness to which degree.

Second, most studies do not differenti-
ate between product type. The few who
do, in particular Mudambi and Schuff
(2010) and Pan and Zhang (2011), pro-
vide evidence for moderating effects of
product type on a number of relation-
ships between review features and review
helpfulness.

Third, many studies employ data col-
lection strategies that could produce a bi-
ased data base. One of the most common
strategies is collecting only the reviews
for a certain number of bestselling prod-
ucts (e.g., Mudambi and Schuff 2010;
Chen and Tseng 2011; Pan and Zhang
2011). Consumers, however, react differ-
ently to hit and niche products (Berger
et al. 2010; Dellarocas et al. 2010): the
data may be afflicted with a “bestseller
bias”. Another potentially bias-inducing
strategy is choosing only the most re-
cent reviews (e.g., Chen and Tseng 2011):
age has been shown to influence helpful-
ness perceptions (Otterbacher 2008; see
Sect. 2.2).

In the next section, we present our re-
search model. It addresses the abovemen-
tioned issues by (i) including the salient
determinants in all categories and (ii) ac-
counting for product type. In Sect. 4, we
also address the third issue by employing
a parsimonious data collection strategy.

3 Research Model

In the “intrinsic quality” dimension, re-
view objectivity, author reputation, and
author credibility are the main determi-
nants of review helpfulness (e.g., Park
et al. 2007; Hao et al. 2009; Ghose and
Ipeirotis 2011; Chen and Tseng 2011).

We suggest that the mixed results for
objectivity are, at least partly, due to the
lack of differentiation between product
types. Subjective reviews, relating per-
sonal product experiences, are likely to
be considered as particularly valuable for
experiential goods. Consumers are al-
most entirely dependent on information
about the reviewer’s personal preferences
and product usage to successfully infer
whether they will be (dis-)satisfied with
the product. Most attributes of utilitar-
ian products, on the other hand, can be
described objectively. We suggest that ob-
jective reviews on a utilitarian product’s
performance are more helpful because
they permit consumers to assess the truth
of the manufacturer’s claims.
H1a: Objective reviews are more helpful

for utilitarian products than for ex-
periential products, whereas subjec-
tive reviews are more helpful for ex-
periential than for utilitarian prod-
ucts.

A reviewer’s reputation depends on the
number of consumers who have read her
previous reviews and found them help-
ful. Reviewers who were able in the past
to write helpful reviews in a product cat-
egory (“good reviewers”) are likely to be
able to do so again in the future. In addi-
tion, consumers sometimes acquire pref-
erences for certain authors whose opin-
ions or style they like (Burton and Kham-
mash 2010) and give their reviews more
(positive) attention. The probability of a
reviewer obtaining positive votes on fu-
ture reviews increases with the quality of
her previously published reviews (i.e., her
reputation in the review system).
H1b: Perceived review helpfulness in-

creases with the average helpfulness
of the author’s previous reviews in
the same product category.

According to Forman et al. (2008), con-
sumers use “disclosure” as a criterion
for choosing which reviews to read, with
“disclosure” acting as a cue for mes-
sage credibility. We suggest that a review
whose author’s real identity is known
will be perceived as more helpful by
consumers.

3The original framework was developed in a business/enterprise database management context.
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H1c: Product reviews from authors that
have disclosed their identity are
more helpful to consumers.

The “contextual quality” features that
influence review quality strongly are
value-added, timeliness, and appropri-
ate amount of data (e.g., Danescu-
Niculescu-Mizil et al. 2009; Pan and
Zhang 2011; Jin and Liu 2010). A re-
view can add value by expressing a dis-
senting view from the majority of ex-
isting reviews: consumers are offered a
broader spectrum of opinions (Danescu-
Niculescu-Mizil et al. 2009).
H2a: Reviews that deviate strongly from

previous reviews are perceived as
more helpful than reviews that con-
form with previous reviews.

Consumers evaluate the quality of prod-
ucts by evaluating product attributes
(Netzer and Srinivasan 2011; Scholz et al.
2010). Product reviews that discuss many
attributes that a particular consumer is
interested in or that are among the first
to discuss an attribute are therefore likely
to be helpful for that consumer.
H2b: Perceived review helpfulness in-

creases with the amount of informa-
tion.

We suggest that earlier reviews will
be considered more helpful because
they attract more attention and, hence,
more positive helpfulness votes (Pan and
Zhang 2011).
H2c: The earlier a review is posted, the

more helpful it is to consumers.
The third dimension “representational
quality” includes the helpfulness deter-
minants interpretability and ease of un-
derstanding (e.g., Korfiatis et al. 2008;
Ghose and Ipeirotis 2011; Wu et al. 2011).
Reviews which require less cognitive ef-
fort in reading are likely to be better un-
derstood by consumers and to be per-
ceived as more helpful than reviews that
are difficult to read (Ghose and Ipeirotis
2011).

Past research in the field of busi-
ness and information systems engineer-
ing (BISE) developed and used tests for
identifying the readability based on the
(grade) level of education that is needed
to comprehend a piece of text (Klare
2000; Ghose and Ipeirotis 2011). The
lower the level of education required
to understand a review, the larger the
number of consumers who are able to
comprehend it.
H3a: Perceived review helpfulness in-

creases with higher levels of read-
ability.

Readability indices are formulae for es-
timating the readability of a text based
on the relative frequencies of charac-
ters, words, sentences, or syllables. Two
short reviews with simple words have
the same readability index value even if
one of them is full of spelling errors,
which impair readability. Supplementing
readability indices with the number of
spelling errors permits better evaluation
of review understandability (Klare 2000;
Ghose and Ipeirotis 2011).
H3b: Perceived review helpfulness in-

creases with lower numbers of
spelling errors.

Interpretability refers to the ease with
which an author’s opinion can be ex-
tracted from a review. Both highly di-
agnostic reviews (Mudambi and Schuff
2010) and highly “accessible” reviews
(Feldman and Lynch 1988) are easily
interpretable and therefore likely to be
helpful. “Accessible” reviews are easily re-
called from memory because they dis-
cuss the product particularly engagingly
or provokingly (Herr et al. 1991). Writing
vivid product descriptions or provocative
statements requires using many adjec-
tives or adverbs. Indeed, sentiment anal-
ysis models perform much better in iden-
tifying the polarity of a text and extract-
ing its author’s opinions when they in-
clude adjectives and adverbs (Benamara
et al. 2007; Xia et al. 2011). Of course,
increasing the proportion ad infinitum is
unlikely to improve review quality. Using
too many adjectives and adverbs in re-
lation to other words (product features,
verbs, etc.) renders a review less com-
prehensible and less diagnostic. We pro-
pose that a moderately high proportion
of adjectives and adverbs improves both
review diagnosticity and accessibility and
therefore review helpfulness.
H3c: Product reviews with extremely high

or extremely low adjective (adverb)
frequency are less helpful than re-
views with moderately high adjective
(adverb) frequency.

If the assumption that consumers ex-
pect moderate reviews to hold more bal-
anced views is true, consumers may use
the overall rating as a peripheral cue for
review balance. It is more difficult for
consumers of experiential goods to in-
fer from review content whether personal
or product-related causes shape the re-
viewer’s opinions. These consumers will
consider balanced reviews more help-
ful. Consumers of utilitarian goods, on
the other hand, can easily discern per-
sonal and product-related causes for re-
viewer (dis-)satisfaction and will prefer

extreme reviews (Mudambi and Schuff
2010).
H3d: Product reviews with extreme rat-

ings are less helpful than reviews
with moderate ratings if the re-
viewed product is an experiential
good, whereas reviews with extreme
ratings are more helpful than re-
views with moderate ratings if the
reviewed product is a utilitarian
good.

The complete research model is sum-
marized in Fig. 2. We describe the
empirical evaluation in the following
Sect. 4.

4 Empirical Evaluation

4.1 Data Collection

We collected data for 1006 digital com-
pact cameras, 1402 smartphones, 569
notebooks, 133 daypacks, 1507 board
games, and 182 eaux de toilette available
from Amazon.com in March 2012. We
decided to collect data from these six cat-
egories because (i) most products in these
categories have been reviewed, (ii) they
comprise both utilitarian and experien-
tial products and (iii) the products cover
a wide price range. To avoid introduc-
ing selection biases (Sect. 2.3), we col-
lected all reviews for all products in the
chosen product categories. To the best of
our knowledge, this data collection is the
most diverse and extensive review corpus
so far.

We excluded products without reviews
and products with identical reviews (e.g.,
technically identical cameras of differ-
ent color) and reviews with less than ten
votes from our analysis in order to ensure
robust approximations of review help-
fulness. Overall, we analyzed 27,104 re-
views across the six product categories.
For each review, we collected helpful-
ness as number of positive votes/number
of total votes, overall star rating, review
date, review text and reviewer name, and
whether the reviewer’s real name is given.
Rating deviation is computed as the dif-
ference between a review’s star rating and
the average rating of all prior reviews
for the same product. Positive deviations
indicate that later buyers are more sat-
isfied with the product than early buy-
ers. Reviewer reputation is measured by
the average helpfulness of one reviewer’s
prior reviews in the same product cate-
gory. Objectivity is computed as 1 minus
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Fig. 2 Research Model

the proportion of personal and possessive
pronouns.

We identified sentences, words, sylla-
bles, and part-of-speech. For estimat-
ing review readability, we chose SMOG,
which is a very robust measure (Lahiri
et al. 2011). To compute SMOG, we
counted the number of sentences and the
number of polysyllables (words of 3 or
more syllables). The SMOG index was
then computed as

SMOG = 1.043

×
(

number of polysyllables

× 30

number of sentences

) 1
2

+ 3.1291

For each of the six product categories,
we defined a set of product features.4 To
find out which features are discussed in a
particular review, we compared all nouns
and proper nouns with this set. We used
Shannon’s information entropy concept
(Shannon 1948) to measure the amount
of information contained in a review (Ot-

terbacher 2008; Zhang and Tran 2011).
A review’s entropy is computed as

−
∑

∀ features

p(feature) log2

(
p(feature)

)

where p(feature) is the probability of
a product feature being discussed in a
review.

We performed a spell-check, based on
wiktionary.org, on all words except the
proper nouns. Table 1 presents descrip-
tive statistics for all variables.

The descriptive statistics for experien-
tial and utilitarian goods exhibit several
interesting patterns. On average, reviews
for experiential products are considered
more helpful than reviews for utilitar-
ian products. One reason for this differ-
ence might be the fact that board games
and eaux de toilette posses very few pre-
defined features. This means that the
amount of easily accessible information is
very small and pre-purchase uncertainty
is very high (Mudambi and Schuff 2010).
In contrast, our utilitarian goods possess
many well-defined features which can be
evaluated largely without additional in-
formation (Nelson 1970). Reviews for
utilitarian goods discuss more features
than reviews for experiential goods, are
of greater length, and display higher lev-
els of entropy than experiential goods’

reviews. But the discussion of such a
large number of features, and possibly
their interactions, is more difficult to
comprehend. This is evidenced by these
reviews’ significantly worse readability
scores (Table 1).

While there exists a positive linear
relationship between number of words
and number of features discussed (p <

0.001), we discovered an “inverted U”-
shaped relationship between number of
words and product rating. Moderate re-
views (3 stars) tend to be “balanced”,
i.e., discuss both pros and cons, and
are consequently longer than extreme
reviews.

4.2 Analysis and Results

Our dependent variable is the probability
of a review being helpful. Logistic regres-
sions are appropriate for binomial vari-
ables if and only if the number of trials
and successes of the dependent variable
are known (Wright and London 2009,
p. 94). In our case, as Mudambi and
Schuff (2010) note, the number of trials,
i.e., of consumers who have read a partic-
ular review, is unknown: a review’s true
helpfulness may differ from its revealed
helpfulness. In such cases, Tobit regres-
sions are more robust than logistic re-

4The product features were collected from the manufacturers’ homepages.
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Table 1 Descriptive statistics of our sample [mean (standard deviation)]

Measure Camera Smartphone Notebook Daypack Board game Eau de toilette

Type Utilitarian Utilitarian Utilitarian Experiential Experiential Experiential

# Products 1006 1402 569 133 1507 182

# Reviews 8424 13047 1701 64 2607 1261

Words per review 243.95 (251.21) 267.18 (297.53) 278.58 (338.07) 114.94 (119.51) 173.68 (208.07) 193.36 (227.69)

Helpfulness 0.70 (0.28) 0.62 (0.32) 0.68 (0.30) 0.84 (0.23) 0.76 (0.27) 0.72 (0.28)

Readability 9.03 (3.33) 8.64 (3.32) 8.76 (3.51) 7.76 (4.10) 7.74 (2.62) 8.63 (3.51)

Spelling errors (%) 13.76 (7.20) 13.59 (7.26) 14.22 (6.87) 10.07 (5.30) 10.92 (8.94) 14.14 (7.95)

Adjectives (%) 6.04 (3.11) 5.12 (2.90) 5.27 (2.76) 5.72 (3.61) 5.41 (3.03) 5.47 (3.20)

Adverbs (%) 6.44 (3.59) 6.60 (3.67) 6.73 (3.69) 7.35 (4.24) 5.54 (3.71) 6.80 (3.93)

Star rating 3.77 (1.43) 3.42 (1.59) 3.81 (1.44) 4.19 (1.25) 3.88 (1.38) 3.66 (1.50)

Entropy 2.32 (2.56) 1.83 (2.12) 3.19 (3.45) 0.51 (0.68) 0.74 (0.92) 0.19 (0.39)

Age in days 1145.84 (803.65) 979.50 (680.88) 664.18 (509.74) 679.23 (392.87) 1904.15 (831.94) 1692.25 (747.89)

Rating deviation −0.04 (1.97) −0.45 (1.98) 0.44 (2.44) 1.16 (2.69) 0.72 (2.54) −0.26 (1.52)

Objectivity 0.91 (0.10) 0.86 (0.16) 0.86 (0.18) 0.93 (0.08) 0.93 (0.08) 0.91 (0.11)

Prior helpfulness 0.25 (0.37) 0.22 (0.34) 0.15 (0.30) 0.03 (0.15) 0.30 (0.39) 0.08 (0.23)

Reviewers with prior
reviews in this
category (%)

35.92 34.64 21.22 3.13 37.82 11.34

ID disclosure (%) 31.17 30.63 25.57 35.94 32.34 38.30

Predefined features 71 83 75 51 22 16

gressions – if most data do not take on the
values of the dependent variable’s interval
limits. Since 90 % of our dataset (24,407
out of 27,104 observations) do not equal
the limit values of 0 and 1, we may as-
sume that the Tobit regression results are
unbiased (Greene 2012, p. 895). Our re-
gression model, including all interaction
effects, is summarized by the following
equation.

Helpfulness

= α + β1Objectivity + β2Objectivity

× Product Type

+ β3Prior Helpfulness

+ β4Identity Disclosure

+ β5Rating Deviation

+ β6Entropy + β7 ln(Age)

+ β8SMOG + β9Spelling Errors

+ β10Adjectives + β11Adjectives2

+ β12Adverbs + β13Adverbs2

+ β14Rating

+ β15Rating2 + β16Rating

× Product Type + β17Rating2

× Product Type

+ β18Product Type + ε

Table 2 presents the results of the Tobit
regression. Inter-variable correlations of
at least 0.25 indicate absence of multi-
collinearity. A highly significant likeli-
hood ratio test (p < 0.001) and a pseudo-
R2 value of 0.671 indicate an outstanding
model fit.

We propose that a review’s helpful-
ness is influenced by its representational,
contextual and intrinsic quality.

Intrinsic review quality is operational-
ized with the number of (possessive)
pronouns in relation to review length
(objectivity), an author’s prior reviews’
helpfulness (reputation) and identity dis-
closure (credibility). Separate Tobit re-
gressions for utilitarian and experiential
goods, testing the hypothesized moder-
ating effect of product type on the rela-
tionship between objectivity and helpful-
ness (H1a), revealed that consumers pre-
fer objective reviews for utilitarian and
subjective reviews for experiential goods.
This could explain the mixed results
reported by previous studies (e.g., Liu
et al. 2007; Hao et al. 2009; see Online-
Appendix B): most did not distinguish
between product types or used only one
type of product. We used the follow-
ing equation in the additional regression
analyses.

Helpfulness

= α + β1Objectivity

+ β2Prior Helpfulness

+ β3Identity Disclosure

+ β4Rating Deviation + β5Entropy

+ β6 ln(Age) + β7SMOG

+ β8Spelling Errors + β9Adjectives

+ β10Adjectives2 + β11Adverbs

+ β12Adverbs2 + β13Rating

+ β14Rating2 + ε

Reviewer reputation has a significant
positive impact on helpfulness (H1b),
whereas identity disclosure (H1c) does
not. Consumers apparently do not use
“identity disclosure” as a cue for review
credibility.

Contextual quality factors (value added
to the review corpus, amount of informa-
tion relative to previously available infor-
mation, and timeliness) have a significant
influence on review helpfulness. Rating
deviation (H2a) and entropy (H2b) both
have a significant positive effect on review
helpfulness. Consumers evidently appre-
ciate being provided with diverse opin-
ions. Support for H2b indicates that con-
sumers value reviews that discuss many
attributes as well as reviews that dis-
cuss attributes which have not been men-
tioned by other reviewers before. The age
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Table 2 Regression results

Variable Estimate Standard error Hypothesis

Constant 25.246∗∗∗ 0.891

Objectivity −0.592∗∗∗ 0.047 Objectivity H1a (supported)

Objectivity × product type 0.302∗∗∗ 0.048

Prior helpfulness 0.081∗∗∗ 0.005 Reputation H1b (supported)

Identity disclosure −0.002 0.003 Credibility H1c (not supported)

Rating deviation 0.014*** 0.001 Value-added H2a (supported)

Entropy 0.028*** 0.001 Amount of Data H2b (supported)

Log(age) 0.879∗∗∗ 0.032 Timeliness H2c (supported)

SMOG 0.014*** 0.001 Readability H3a (not supported)

Spelling errors in % −0.152∗∗∗ 0.023 Spelling Errors H3b (supported)

Adjectives in % 1.613∗∗∗ 0.111 Interpretability H3c (supported)

Adjectives in %2 −9.085∗∗∗ 0.591

Adverbs in % 0.344∗∗∗ 0.092

Adverbs in %2 −3.554∗∗∗ 0.383

Rating 0.141∗∗∗ 0.018 Extremity H3d (not supported)

Rating2 −0.013∗∗∗ 0.003

Rating × product type −0.065∗∗∗ 0.019

Rating2 × product type 0.010∗∗∗ 0.003

Product type −0.302∗∗∗ 0.052

Log-likelihood −4425.478***

Pseudo-R2 0.673

of a review (H2c) is positively correlated
with helpfulness, indicating that more
recent reviews are less helpful.

Finally, representational quality is op-
erationalized with readability, number of
spelling errors (ease of understanding),
proportion of adjectives and adverbs to
other words, and overall rating extrem-
ity (interpretability). Our results indicate
that less easily readable reviews (higher
SMOG values) are more helpful, con-
trary to H3a.5 At a first glance, this find-
ing appears counterintuitive. But a closer
look at SMOG index suggests two in-
teresting explanations. SMOG is com-
puted based on the proportion of polysyl-
lables to sentences. Hence, reviews with
a high ratio of polysyllabic (i.e. diffi-
cult) words are perceived as more help-
ful. Many of the polysyllables used in the
reviews are product features, adjectives
and adverbs (e.g., resolution, megapixel,
technically). This suggests, firstly, that
consumers value attribute-based, com-
paratively complicated “technical” re-
views. Second, consumers might gloss
over words they do not understand (i.e.

attributes whose functionality is unclear
to them) and merely “add up” the pros
and/or cons. Reviews that discuss many
attributes would be particularly valuable
to such consumers. This interpretation is
supported by the fact that high review
entropy (H2b) has a significant effect
on review helpfulness and that SMOG
and entropy are moderately but signifi-
cantly correlated (r = 0.17). The number
of spelling errors (H3b) has a significant
negative effect on helpfulness.

The relationship between helpfulness
and the number of adjectives or adverbs
is of an “inverted U” shape (H3c). Adjec-
tive ratios of 9 % and adverb ratios of 5 %
seem to be optimal. Since the regression
analysis cannot provide answers to the
question which adjectives and adverbs
typically occur in helpful reviews, we
supplemented a content analysis (Zhang
and Tran’s 2011). We used 10-fold cross
validation to evaluate predictive accuracy
and to obtain robust information scores.
Reviews were divided randomly into 10
equally sized folds, of which we used 9 for

training and 1 for evaluation. The train-
ing folds contained the 25 % most help-
ful and the 25 % most unhelpful reviews.
Predictive accuracy – measured by preci-
sion (between 53.83 % and 73.82 %), re-
call (between 48.47 % and 77.87 %), and
F-score (between 58.21 % and 71.64 %) –
indicates good model fit for all categories
(see Online-Appendix D).

Our analysis shows6 that negative
words (e.g., bad, disappointing) predom-
inantly occur in unhelpful reviews. Pos-
itive words (e.g., fast, perfect) occur
in both helpful and unhelpful reviews.
Helpful reviews focus on product- and
feature-related descriptions. Consumers
of utilitarian goods in particular perceive
information about delivery or customer
service as very unhelpful (e.g., unfriendly,
unanswered). Simple, easily comprehen-
sible words (e.g., small, fast) seem to be
most helpful, whereas complex or ex-
tremely positive words (e.g., ultra-light,
exquisite) characterize unhelpful reviews.

To test H3d, we used the same regres-
sion equations as we did for analyzing

5We re-ran our regressions with other readability indices (Flesch-Kincaid Readability Ease, Flesch-Kincaid Grade Level, Gunning Fog Index, Au-
tomated Readability Index and Coleman-Liau Index) and found virtually no differences. We chose to present the model with SMOG because it
produced the lowest values for the Akaike Information Criterion.
6The top 10 most (un)helpful adjectives and adverbs for each product category are listed in Online-Appendix D.
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Fig. 3 Relationship between product
rating and review helpfulness

H1a. The helpfulness of reviews for util-
itarian products depends linearly on the
products’ rating. For experiential prod-
ucts’ reviews, we found an “inverted U”-
shaped relationship between rating and
helpfulness. In the relevant interval be-
tween 1 and 5 stars, however, the re-
lationship between rating and helpful-
ness for experiential products’ reviews
displays a monotonous increase (Fig. 3).
H3d is rejected.

The relationship we identified between
rating and helpfulness differs from find-
ings by Ghose and Ipeirotis (2011), Mu-
dambi and Schuff (2010), or Forman
et al. (2008), but is also reported by Pan
and Zhang (2011). All else being equal,
reviews with positive product ratings are
perceived as more helpful than reviews
with negative product ratings.

5 Discussion

Structuring prior research based on
Wang and Strong’s (1996) multidimen-
sional data quality framework has helped
us develop one of the most comprehen-
sive (Hao et al. 2009; Pan and Zhang
2011) helpfulness prediction models to
date. We find that features from three di-
mensions – intrinsic, contextual and rep-
resentational quality (Wang and Strong
1996) – determine review helpfulness.

Our data set contains all reviews from
three utilitarian and three experiential
product categories, making it, to the
best of our knowledge, one of the most
comprehensive sets to date.The results
of our data analyses provide interest-
ing implications for online retailers and
researchers.

5.1 Implications for Practice

Online retailers can use our findings to
(i) compute automatic helpfulness scores
for reviews without votes and (ii) provide

specific, individualized advice to review-
ers. Helpful reviews possess six major
characteristics.
1. Helpful reviews contain a moderate

number of simple adjectives (at most
9 % of text) and adverbs (at most
5 %) (H3c) which focus on prod-
uct features rather than service quality
(Online-Appendix D).

2. Helpful reviews either discuss many
product features or are the first to dis-
cuss a particular feature. In the latter
case, they are perceived as helpful even
if they do not discuss many features
overall (H2b).

3. Dissenting opinions are perceived as
particularly valuable. Reviewers need
not fear they will be “punished” if
their view does not conform to previ-
ously voiced opinions (H2a).

4. Reviews on experiential products are
perceived as particularly helpful when
reviewers describe their personal, sub-
jective experiences rather than when
they give an objective account of prod-
uct features. The reverse is true for
utilitarian goods (H1a).

5. Correct spelling improves review
helpfulness; especially if a large
number of reviews is available for
(prospective) readers to choose from
(H3b).

6. Reviews are not perceived as more
helpful when reviewers reveal their
true identity (H1c).

We suggest that online retailers imple-
ment our model in (i) an automatic re-
view scoring system to help consumers
find helpful reviews fast and (ii) a re-
view writing tool which provides review-
ers with instant personalized feedback
during the writing process. Both mea-
sures will improve the average quality
of the reviews on the retailing platform
and make it easier for consumers to re-
trieve relevant information. This will im-
prove the shopping experience and, in
consequence, lead to increased customer
satisfaction, retention times, and higher
sales.

These advantages will only be real-
ized fully, of course, if readers’ accep-
tance of the automatic helpfulness scores
and reviewers’ acceptance of the writing
guidelines is high. The degree of read-
ers’ acceptance of and trust in automatic
helpfulness scores will probably depend
greatly on how transparent the underly-
ing mechanism is made. Future research
on consumer trust in online reviews and
online agents is required to shed light on
this issue.

Reviewers’ acceptance of the writ-
ing guideline will probably depend on
whether they feel that it restricts their
ability to express themselves (and on the
degree to which their helpfulness scores
actually improve). We suggest that the
use of such a guideline be made entirely
voluntary to avoid this pitfall. Develop-
ing a tool which implements our guide-
lines and balances the requirements of
high review helpfulness and high individ-
uality will be a very interesting challenge
for future research.

5.2 Implications for Research

Our study provides two main contribu-
tions to research in eWOM which are
of interest to both behavioral and design
science-oriented BISE researchers. First,
we adapted Wang and Strong’s (1996)
data quality framework to assess the ef-
fect of review quality factors on helpful-
ness. Having consolidated previous re-
search within this framework, it is now
easier to spot research gaps and explain
contradictory findings. One possible rea-
son for conflicting results by prior re-
search is the fact that most studies exam-
ined variables from only one or two di-
mensions, although actually helpfulness
appears to be determined by variables
from three dimensions. A second poten-
tial explanation for these contradictions
is the fact that many previous studies did
not distinguish between product types,
and a third explanation that previously
used data sets may have been subject to
a variety of biases.

Second, our empirical study shows that
representational, contextual and intrin-
sic quality factors influence a review’s
perceived helpfulness significantly (see
Sect. 4.2 for detailed findings). Reviews
for utilitarian and experiential prod-
ucts display systematic differences: re-
views for utilitarian products consist of
more words, are harder to read, and are
characterized by higher attribute entropy.

5.3 Limitations

In contrast to most prior research, we
found that positive reviews exhibited bet-
ter helpfulness scores than negative re-
views. Unfortunately, our data does not
contain observatory data on consumer
perceptions and behavior, which might
explain this phenomenon. We therefore
encourage future research into the ques-
tion of how consumers perceive positive
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Abstract
Michael Scholz, Verena Dorner

The Recipe for the Perfect
Review?

An Investigation into the Determinants
of Review Helpfulness

Online product reviews, originally in-
tended to reduce consumers’ pre-pur-
chase search and evaluation costs, have
become so numerous that they are
now themselves a source for informa-
tion overload. To help consumers find
high-quality reviews faster, review rank-
ings based on consumers’ evaluations
of their helpfulness were introduced.
But many reviews are never evaluated
and never ranked. Moreover, current
helpfulness-based systems provide lit-
tle or no advice to reviewers on how to
write more helpful reviews. Average re-
view quality and consumer search costs
could be much improved if these is-
sues were solved. This requires identi-
fying the determinants of review help-
fulness, which we carry out based on
an adaption of Wang and Strong’s well-
known data quality framework. Our
empirical analysis shows that review
helpfulness is influenced not only by
single-review features but also by con-
textual factors expressing review value
relative to all available reviews. Reviews
for experiential goods differ systemati-
cally from reviews for utilitarian goods.
Our findings, based on 27,104 reviews
from Amazon.com across six product
categories, form the basis for estimat-
ing preliminary helpfulness scores for
unrated reviews and for developing in-
teractive, personalized review writing
support tools.

Keywords: Electronic commerce, Prod-
uct reviews, Internet retailing, Electro-
nic word-of-mouth

and negative reviews and what motivates
them to vote on a review.

Like most research on review helpful-
ness, ours rests on the assumption that
helpfulness votes are unbiased and reflect
perceptions of helpfulness truthfully. But
not all consumers who read reviews also
vote on them. We believe that a valuable
contribution could be made by research
into the question of whether systematic
(and economically relevant) differences
between true and revealed helpfulness
exist.

Although our suppositions of how re-
view writing guidelines and automatic
scoring systems will affect customer sat-
isfaction and purchasing behavior are
backed by literature, they have never
been tested empirically. We are currently
implementing intelligent software which
provides personalized feedback to re-
viewers and are planning to evaluate its
effects on consumer attitude and behav-
ior.
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