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Abstract
In this study, we aim to clarify the determinants of online review helpfulness con-
cerning review depth, extremity and timeliness. Based on a meta-analysis, we exam-
ine the effects of important characteristics of reviews employing 53 empirical stud-
ies yielding 191 effect sizes. Findings reveal that review depth has a greater impact 
on helpfulness than review extremity and timeliness with the exception of its sub-
metric of review volume, which exerts the negative influence on review helpfulness. 
Specifically, readability is the most important factor in evaluating review helpful-
ness. Furthermore, we discuss important moderators of the relationships and find 
interesting insights regarding website and culture background. In accordance with 
the results, we propose several implications for researchers and E-business firms. 
Our study provides a much needed quantitative synthesis of this burgeoning stream 
of research.
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1 Introduction

Customer reviews are increasingly available online with the development of elec-
tronic commerce. As consumers search online for product information and evalu-
ate product alternatives, they often have access to hundreds of product reviews 
from other consumers. Reviews work as a form of “sales assistance” that inform 
prospective consumers and have the potential to add value for them [1]. Among 
the many characteristics associated with online customer reviews, review help-
fulness is the most important [2]. “Helpfulness” has been commonly used as 
the primary way of measuring how consumers evaluate a review and consumers 
can sort reviews by their level of helpfulness. The wide adoption and perceived 
helpfulness of online user reviews on consumers’ decision making has energized 
academic research on the assessment of what constitutes a helpful review. For 
instance, Mudambi and Schuff [3] examined the role of word count and rating 
on the perceived helpfulness of reviews. Ghose and Ipeirotis [4] studied the role 
of review volume on helpfulness. Recently, Yin et  al. [5] studied the relation-
ship between review systematic cues (e.g. reviews length and readability) and 
helpfulness.

While there are a large amount of studies expatiating what makes a review help-
ful, findings regarding determinants of review helpfulness have not get unanimous 
conclusion. The mixed findings on the determinants of review helpfulness lead to 
confusions to both academic researchers and e-commerce practitioners. Accord-
ingly, we perform a meta-analysis to clarify factors related to review characteristics 
contributing to review helpfulness and to what extent their influence is. The Meta-
analytic method provides a quantitative integration of the main constructs that are 
associated with a certain topic and a summary of the relationships after adjusting the 
measurement and sampling error based on the previous studies. It enables research-
ers to (1) obtain empirical generalizations about the specific effect sizes across vary-
ing substantive and methodological conditions and (2) examine whether and how 
these conditions affect the focal effect size [6]. First insights along these lines come 
from the recent work of Floyd et al. [7], You et al. [8] and Rosario [9]. Floyd et al. 
[7] examined 26 studies in order to explain how review valence and volume influ-
ence the elasticity of retailer sales. You et al. [8] extended the study to 51 papers 
and the moderating effect of product characteristics, industry characteristics, and 
platform characteristics. Purnawirawan et  al. [10] clarified the influence of online 
review valence on various dependent variables and Rosario et  al. [9] investigated 
the influence of platform characteristics, product characteristics, and online WOM 
metrics on the relationship between online WOM and sales by 96 studies. Although 
the literature has probed online review and its impact on sales, seldom meta-analysis 
has been utilized to explain how online customers perceive the helpfulness of online 
consumer reviews. In this study, our meta-analysis aims to make contributions to the 
understanding of what kind of reviews can be classified as helpful ones and can cre-
ate value for e-commerce firms.

We identify important metrics that can represent different dimensions 
of reviews when evaluating a review and give a systematic review of their 
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performance. While helpfulness works as the primary way of measuring how 
consumers evaluate a review [3], customer reviews serve as informants in the 
information seeking process [10]. Review extremity helps consumers learn about 
a product at the first glance and gives consumers an overall product assessment. 
However, it may not convey huge amount of information to potential buyers who 
try to understand the importance of aspects of the product [3]. When consumers 
are willing to read and compare open-ended comments from peers, review depth 
can matter. Meanwhile, timeliness is a factor that could not be ignored when 
consumers consider a review. Timeliness of the review content could influence 
information diagnosticity in that recent information differs from the older one 
on its influence [11]. Consequently, when determining factors accounting for the 
helpfulness of a review, consumers usually take review extremity, review depth 
and timeliness into account which can capture the different aspects of review 
characteristics.

Our findings contribute to the literature as follows. First, we provide an integra-
tive review of the empirical literature and develop a conceptual understanding of 
components of helpfulness. To do so, we compile a unique data set by collecting 
variables that reflects the relationship between review information and helpfulness. 
Second, by calculating mean effect sizes, we show whether and how these met-
rics affect helpfulness, thus resolving the inconsistency in findings across primary 
research studies. The meta-analytic results indicate a pattern of weak and strong 
effects of review helpfulness that can guide future research and practice. Specifi-
cally, we show that one sub-metric often overlooked—readability (ease of compre-
hension by consumers about a certain product)—can increase helpfulness on condi-
tion that consumers provide comments that is easier to understand. Third, by means 
of moderator analysis, we deliberate website and culture background as two key 
moderators that can explain the mixed findings of previous studies. In particular, we 
find that fewer reviews on Amazon.com will be conducive for its review helpfulness 
and American consumers prefer earlier ones when scanning the product reviews. We 
give a holistic explanation on what constitutes a helpful review that provides critical 
insights for scholars, managers, and website owners.

The study is structured as follows: First, we present literature review of previous 
studies and a conceptual framework and hypotheses are following to guide the meta-
analysis. Second, we describe the method, including literature retrieval process, cod-
ing and computation of effect sizes. Third, we present a quantitative summary of the 
adjusted mean effect sizes for the pair-wise relationships between review helpfulness 
and its determinants. Fourth, we propose hierarchical linear model using the maxi-
mum likelihood estimation method for the moderating analysis. Finally, we discuss 
the main findings and propose research and managerial implications.

2  Literature review

Recent studies regarding online customer reviews have drawn their attention on the 
two aspects: (1) product sale effects and (2) psychological outcomes, in particular, 
online review helpfulness. From the marketing perspective, a number of researchers 
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have indicated that online reviews can be a valuable tool for promoting products, 
collecting consumer feedback and boosting sales [12–14]. Duan et al. [15] examined 
the persuasive effect and awareness effect of online reviews on movies’ daily box 
office performance by considering reviews both influencing and influenced by movie 
sales. Hu et al. [16] concluded that online consumer reviews inferred product quality 
and reduced product uncertainty, in turn aiding the final purchase decision. Ghose 
and Ipeirotis [12] identified that the valence (average numerical rating) and number 
of online consumer reviews were vital predictors of product sales employing a panel 
data set of electronic products. Cui et al. [17] demonstrated that the percentage of 
negative reviews had a greater effect than that of positive reviews, confirming the 
negativity bias. They also showed that review volume had a significant effect on new 
product sales in the early period while such effect decreased over time. Meanwhile, 
researchers have utilized meta-analysis to quantitatively synthesize this develop-
ing literature stream and explore the consequences of online product reviews. For 
instance, Floyd et al. [7] examined 26 studies investigating how review valence and 
volume influenced the elasticity of retailer sales. You et al. [8] focused on the effects 
of consumer-generated information on firm performance, extending the analysis to 
51 papers and other online platforms (e.g., blogs, discussion forums, and Twitter). 
More recently, Rosario et al. [9] extended the meta-analysis employing more effect 
sizes to give a more comprehensive explanation of the effect of electronic word of 
mouth on sales.

A growing body of research has paid attention to review helpfulness and what 
makes a helpful review. Based on Amazon.com data, Mudambi and Schuff [3] con-
cluded that review extremity, review depth, and product type affected the perceived 
helpfulness of reviews. Cao [18] empirically examined the impact of the various 
features (including rating, length, posted time) of online user reviews on the num-
ber of helpfulness votes by employing dataset from CNET Download. With data 
collected from a real online retailer, Pan and Zhang [11] provided empirical evi-
dence to support their conceptual predictions and found that both review valence 
and length had positive effects on review helpfulness. Korfiatis et al. [19] explored 
the determinants of online review helpfulness and concluded that review readability 
had a greater effect on the helpfulness ratio of a review than its length; In addition, 
extremely helpful reviews received a higher score than those considered less helpful. 
Using Amazon.com data, Baek et al.’s [20] study supported that both review rating 
and word count influenced the helpfulness of reviews. Lee and Choeh [21] predicted 
the level of review helpfulness using HPNN and suggested that factors such as the 
average number of words in a sentence and the length of a review in words had 
positive effects on the degree of helpfulness. Huang et al. [22] suggested that word 
count had a threshold in its effects on review helpfulness. Beyond this threshold, its 
effect diminished significantly or became near non-existent. They also found that 
reviewer experience and their impact were not statistically significant predictors of 
helpfulness. More recently, Fu et al. [23] tested mediation effects of review rating, 
depth and delay between membership tiers and review helpfulness and indicated 
that review rating was a reflection of customer attitudes and affective tendencies 
toward sellers and review depth had a positive effect on review helpfulness. Singh 
et al. [24] developed models based on machine learning to predict the helpfulness of 
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the consumer reviews using several textual features, where the parameters could be 
ranked and mapped to helpfulness.

Although these studies have provided important insights into the impact of 
reviews on their helpfulness, little research has examined them jointly. Past research 
has not provided a theoretically grounded explanation of what constitutes a helpful 
review, intimating the need for a systematic integration of this body of work. Con-
sequently, with the experienced researchers providing concise, helpful information 
about review helpfulness, this study aims to provide a quantitative integration of the 
main constructs that are associated with review helpfulness and a summary of the 
relationships between these constructs and helpfulness. We illustrate three metrics 
that consumers may take into account when determining the helpfulness of a review 
and refine them the most important antecedents of review helpfulness which have 
not been fully accounted within the context of online reviews.

3  Conceptual framework

In this study, we examine the determinant factors that may influence review helpful-
ness based on review characteristics. Our model illustrates the above metrics that 
consumers take into account when determining the helpfulness of a review. We 
complement Mudambi and Schuff ’s research by adding review volume and reada-
bility for review depth besides length. Length and readability are regarded as micro-
level of depth because they are directly related to the extent to which a review text 
is understood [19]. Volume can be an indication of macro-level depth in that more 
reviews could attract more consumers participate in and increase the likelihood of 
review helpfulness intangibly. Retail websites allow consumers to post product eval-
uations in the form of numerical star ratings, and one star indicates an extremely 
negative view of the product and five stars reflects an extremely positive view; 
Quadratic review rating is utilized to represent the quadratic term with an extreme 
rating of one or five and a moderate rating of three. Besides, timeliness is quantified 
by review age of a review in our study, which is calculated by the time elapsed (in 
days) since the date on which a review was posted. Figure 1 provides an overview of 
our research model.

3.1  Dependent and independent variables

The dependent variable in this meta-analysis is review helpfulness. Review help-
fulness is defined as consumers’ perceived value of online reviews while shopping 
online [3, 25, 26]. Many websites have designed peer reviewing systems that allow 
people to vote on whether they find a review helpful in their decision making [27], 
which can reduce information overload by identifying which among the massive 
number of reviews is helpful [28]. Some websites use the ratio of helpful votes to 
total votes received as the measure of perceived review helpfulness (e.g. [29, 30]) 
and others choose to use the absolute total number of helpful votes received as the 
helpfulness measure (e.g. [31, 32]). As an indicator of psychological outcomes of 
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reviews, helpful reviews enable consumers to make better decisions and experience 
greater satisfaction with the online channel [33].

3.1.1  Review length

In the context of online reviews, review length means the word count of a review. 
Word becomes a natural way to look at insights of online reviews because reviews 
are typically composed and delivered in text forms [22]. Reviews provide informa-
tion to help in the decision making process of consumers but helpfulness varies 
when word count is taken into account. Short reviews are more likely to be shallow 
and lack the comprehensive evaluation of product features [34]. Longer reviews con-
tain relatively more information, which help consumers to obtain indirect consump-
tion experiences [27, 35]. Yin et al. [5] indicated that length had a stronger effect on 
helpfulness than other variables. There are also cases that the likelihood of a review 
being valuable gradually decreases as the number of words surpass a value [20, 22, 
36]. Kuan et al. [37] argued that a longer review attracted attention and motivated 
reading but discouraged processing when the additional cognitive effort anticipated 
exceeds the incremental value expected from extra length. Therefore, we need to 
clarify the relationship between review length and helpfulness and propose:

H1 There is a significant positive effect of review length on review helpfulness.

3.1.2  Review volume

The volume of online reviews is an extrinsic, high-scope cue that increases the 
information diagnosticity and consumer awareness about a certain product [38, 39]. 
Opinion expressed by more people usually conveys more possibility of helpful-
ness [40]. However, when a product has a large number of available reviews, the 

Review extremity

quadratic review rating

Timeliness
review age

Review helpfulness

Review depth
review length

review volume

readability

Moderator variables
Central cues

website

culture background

Peripheral cues

journal level

research method

product type

linear review rating

Fig. 1  Research model
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abundance of product information may dilute the helpfulness of any single review 
[21, 41]. Zhou and Guo [42] found review count exerting positive impact on helpful-
ness, but when the reviews are classified into short and long reviews, the influence 
is only significant in short reviews. Meanwhile, too large volume of reviews con-
stantly being generated may be considered as a big data challenge for both online 
businesses and consumers and makes it difficult for buyers to go through all the 
reviews to make purchase decisions [37]. Consequently, we put forward the follow-
ing hypothesis:

H2 There is a significant negative effect of review volume on review helpfulness.

3.1.3  Review readability

Another more sophisticated measurement of review depth is review readability—
cognitive efforts required to read and comprehend reviews [43]. Online reviews are 
information resources that consumers utilize to gain knowledge about products and 
services, the extent to which an individual requires to comprehend the information 
can present the level of readability [27]. A review is considered more helpful on 
condition that it is easier to comprehend [4, 5, 19, 44]. Reviews that are too readable 
may appear unprofessional, which will be more likely to be disregarded or evalu-
ated unfavorably [37]. Chua and Banerjee [45] classified reviews into favorable and 
unfavorable reviews and found that, for search products, unfavorable reviews ease of 
comprehension are most likely to attract helpful votes. In our analysis, we are inter-
ested to examine the extent to which a review easy to read will influence helpfulness 
and propose:

H3 There is a significant positive effect of review readability on review helpfulness.

3.1.4  Review extremity

Review extremity is one of the key features which can be used to determine the 
helpfulness of online reviews [46]. Review extremity in our study is measured by 
both linear review rating and quadratic review rating. Linear review rating refers to 
the star rating of a review; the more stars a review received, the more positive the 
review is. Quadratic review rating refers to the quadratic term of review rating and 
is included to account for the nonlinear relationship between rating and helpfulness 
[3]. In most review platforms, reviewers can rate their experiences of products or 
services by using a single indicator to reflect the overall valence of their reviews 
[47]. The extant literature has demonstrated a positive association between online 
review ratings and review helpfulness [19, 22]. However, it is possible that reviews 
with lower ratings and/or higher extremity are considered more helpful [48, 49]. 
Forman et  al. [41] found that for books, moderate reviews were less helpful than 
extreme reviews. Park and Nicolau also indicated that the extreme ratings of Ama-
zon products were more influential than moderate ratings on consumers’ decision 



264 Y. Wang et al.

1 3

to buy or not buy, and extreme bad reviews are more useful than extreme ones [50]. 
Hence, we pose the following hypotheses:

H4a There is a significant positive effect of linear review rating on review 
helpfulness.

H4b There is a significant positive effect of quadratic review rating on review 
helpfulness.

3.1.5  Timeliness

Timeliness has different descriptions such as elapsed days, days since posting and 
age of review. Research has demonstrated the significant relationship between time-
liness and review helpfulness. Otterbacher [25], Lee and Choeh [21], Cao [18] all 
testified that reviews posted more recently tend to be more helpful than those posted 
earlier, while Pan and Zhang [11] hold the view that older reviews might be more 
helpful since they might exhaust the aspects worth reviewing, leaving less perspec-
tive for newer reviewer to add on. Wan [51] thought early reviews not only have a 
higher chance of being identified as helpful reviews but have advantage in retaining 
that position because of Matthew effect. Salehan and Kim [52] pointed out older 
reviews were perceived to be more helpful because older reviews started receiving 
votes early and has a better chance of appearing on the first page which would lead 
to more votes and perhaps better perceptions regarding their helpfulness. Therefore, 
we expect that there exists correlation between timeliness and review helpfulness 
and propose:

H5 There is a significant positive effect of review age on review helpfulness.

Table 1 provides the main study variables and their description and the expected 
relationships would be tested by meta-analysis results.

3.2  Moderator effects

To explain the inconsistent findings in previous research, we select product type, 
websites and culture background as central cues, and journal quality and research 
methods as peripheral cues in the effect of customer reviews on helpfulness. Simi-
lar to other meta-analysis studies on online reviews, such as Rosario et al. [9] and 
Purnawirawan et al. [10], we include these potential moderators for the two reasons: 
First, they can be coded from the primary studies included in the meta-analysis; 
Secondly, they do exert impacts on the relationship between helpfulness and its 
determinants.

Products are commonly classified as search or experience and consumers pro-
cess information differently based on their categories [3]. Quality evaluation of 
search products is objective in that a search product can be evaluated based on its 
information [45]. As consumers are lacking product experience before purchase 
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of experience products, they might seek additional information as an effort to 
reduce perceived risk and uncertainty [22]. In this case, the difference in product 
type may change how review helpfulness determinants influence perceived review 
helpfulness. Consumers care about not only review sender pertaining to the infor-
mation but also where the information comes from. Given that American con-
sumers have stronger individualistic values and can express their opinions more 
freely without reproach, which leads to more variation in presenting their review 
and increases the value of reviews [53], we examine whether the cultural back-
ground of American individuals may take an effect in our study. Besides, reviews 
are more effective when consumers trust them and are confident about the website 
where they are displayed [54–56]. In the study, we identify the potential modera-
tor of website on the relationship between online reviews and helpfulness; In par-
ticular, we examine the performance of Amazon.com which is perceived as one 
of the largest B2C online forums for user-generated product reviews. Therefore, 
we propose the following hypotheses:

H6a The relationship between online review helpfulness and its determinants is 
stronger (weaker) for experience (search) products.

H6b The relationship between online review helpfulness and its determinants is 
stronger (weaker) for American (non-American) culture.

H6c The relationship between online review helpfulness and its determinants is 
stronger (weaker) for Amazon (other) website.

In addition, the papers comprising our database come from different levels, 
which may disturb the mean effect sizes that we calculate. As a result, similar 
to other meta-analysis studies on online reviews, such as Floyd et  al. [7] and 

Table 1  The main study variables

Variable 
type

Category Main variables Description Expected 
relationship

Dependent 
variables

Review helpful-
ness

The ratio of helpful votes to total votes 
received or the absolute total number 
of helpful votes received

Independent 
variables

Review depth Review length
Review volume

The total number of words of a review
The total number of reviews of a product

H1
H2

Review read-
ability

Ease of understanding of reviews, meas-
ured by the Coleman-Liau Index

H3

Review 
extremity

Linear review 
rating

Quadratic 
review rating

Review rating ranging from one star to 
five stars

Measured by review rating * review 
rating

H4a
H4b

Timeliness Review age The number of days since the review 
was posted.

H5
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Johnson et al. [57], we code whether each study published in top journals (whose 
article is more rigorous and persuasive) or some other outlet in an attempt to cap-
ture variance in the rigor of each paper’s research as well as the review process it 
withstood. Measurement methods might also contribute to identifying systematic 
patterns in a meta-analysis [6, 58]. The studies comprising our database differ in 
the models applied to estimate review helpfulness. Thus, we capture differences 
in estimation method by differentiating between econometric model like ordinary 
least squares (OLS) regression and non-econometric model like experiments. Fol-
lowing the moderators in other meta-analysis studies (e.g. [7–10]), each of the 
moderator variables is coded as binary variable. Hence, we pose the following 
hypotheses:

H7a The relationship between online review helpfulness and its determinants is 
stronger (weaker) in top (non-top) journals.

H7b The relationship between online review helpfulness and its determinants is 
stronger (weaker) by econometric (non-econometric) model.

Table  2 provides the moderator variables, their description and coding scheme 
and the expected relationship would be tested by meta-analysis results.

4  Methods

4.1  Selection of studies

To identify the empirical studies concerning factors of review helpfulness, we con-
duct a rigorous and thorough literature search. We use the following keywords in the 
search process: “consumer-generated content”, “electronic word of mouth”, “online 
review”, “review helpfulness”, “review usefulness” “review perceived helpfulness”, 
“credibility of online consumer review”, and “perceived value of reviews”. First, we 
do an elaborate computerized bibliographic search the commonly used digital library 
database such as EBSCO, Science Direct, Springer, and Web of science and check the 
database using relevant subjects of online reviews and identify 829 articles related to 
our study initially. Second, we conduct a manual search of relevant journals where 
research related to perceived review helpfulness is mostly likely to be published and 
focus on the following categories: (1) marketing, (2) economics and management, and 
(3) information systems and computer science. Third, to ensure the comprehensive-
ness of the literature, we scan the Internet using Google Scholar, Research Gate and so 
on to request working papers. Fourth, we apply a snowballing procedure, in which we 
examine the references in the publications obtained to find additional studies.

After completing the search process, we exclude theoretical papers, qualitative 
investigations and quantitative studies that do not report factors we need. The studies 
could not be included for several reasons: (1) results are not originated from empir-
ical models and no correlations are presented (e.g. [2]); (2) review helpfulness is 
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proposed in the context of consumer complaining behavior, but it is not treated as 
dependent variables of the proposed model (e.g. [59]); and (3) review helpfulness is 
measured but it is not related to any of the variables of the proposed model in this 
study (e.g. [28]). Finally, we confirm 53 manuscripts that provide sufficient informa-
tion to calculate effect sizes. The “Appendix A” provides a list of these manuscripts.

4.2  Coding and effect size integration

To ensure our analysis includes maximum number of effect sizes so that the results are 
more generalizable, the effect size metric selected is the r-family of effect size indica-
tors (including correlation coefficient, the standardized regression beta coefficient and 
t value) between review helpfulness and its determinants.1 The coefficient is chosen 
because it is an easily interpretable, scale-free measure and provides a metric to which 
the reported non-correlations could be converted [60], and it has been widely used in 
recent meta-analysis of marketing literature (e.g. Purnawirawan [10]; Rosario [9]). Fol-
lowing standard procedures employed in other meta-analysis (e.g. Rosenthal [61]; Peter-
son and Brown [62]), we convert other effect size indicators (the standardized regression 
beta coefficient and t statistics) into correlation coefficients to compute the mean effect 
sizes. After completing the coding process, we obtain a total of 191 effects from the 
53 publications. The frequency distribution of observed effects is presented in Fig. 2.

We integrate the effect sizes according to guidelines in the meta-analysis litera-
ture [63]. Correlations are first adjusted by reliability for measurement error. We then 
convert the adjusted correlations to Fisher’s Z statistic, and weight them applying the 

Table 2   The moderator variables

Moderator 
variables

Description Coding scheme Expected 
relationship

Product type Whether a product is experience or search 
product

1 = Experience, 0 = search H6a

Website Data is collected from Amazon.com or not 1 = Amazon.com, 0 = others H6b
Culture Reviews are posted by Americans or not 1 = American consumers, 

0 = others
H6c

Journal level Whether the article is on top journal or not 1 = Top journals, 0 = others H7a
Method Analysis is econometric model or not 1 = Econometric, 0 = non-

econometric
H7b

1 We convert t value to the correlation coefficient effect size by using the formula suggested by 

Rosenthal [46]: r = t

/

√

(

t2 + d.f.
) where t is the t-value associated with the regression parameter that 

captures the effect and d.f. is the degree of freedom of the reported regression model; We convert � to 
coefficient effect size by using the formula suggested by Peterson and Brown [47]: r = 0.98� + 0.05� , 
where � is a variable that equals 1 when � is non-negative and 0 when � is negative.



268 Y. Wang et al.

1 3

square of sampling standard error to compute the mean values and confidence inter-
vals. We convert them back to r̄ using appropriate formulas. In this approach, the 
effect size is corrected both for sampling and measurement error.2 Homogeneity of the 
effect size distribution is tested by Q-statistics [64]. If the null hypothesis of homoge-
neity is rejected, difference in effect sizes may be attributed to other factors other than 
sampling error alone. Confidence interval is presented for each effect size to test if it is 
significant. When the mean effect size is significant, a fail safe N is an indication of the 
robustness of the results. It is calculated to estimate the number of unavailable studies 
necessary to bring the cumulative effect size to a non-significant value [65].3

4.3  Estimation model

We conduct hierarchical linear model analysis (HLMA) using the moderators 
including product type (experience vs. search) website (Amazon vs. others), culture 
background (American culture vs. others), and journal level (top journal vs. others), 

0
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Review length Review volume Readability Review age Linear review
rating

Quadratic review
rating

<-0.5 <0 0-0.5 0.5-1

Fig. 2  Frequency distribution of effect sizes

2 We use the following formulae for Fisher’s Z: (1) transformation: zr = 0.5ln

(

(1 + r)∕1 − r

)

 , (2) 

Weighted average: zr =
∑

�

ni − 3
�

∗ zr
�

∑
�

ni − 3
� and (3) back-transformation to correlation units: 

r̄ =
(

e2zr − 1
)/

(

e2zr + 1
)

[49].

3 We calculate the 95% confidence interval as: lower CI = zr −
1.96

�

�

∑
�

ni − 3
� , upper 

CI = zr +
1.96

�

�

∑
�

ni − 3
� ; the variance of effect size as: S2

r
=
∑

ni
�

ri − r̄
�2�

∑

ni
 and variation 

caused by sampling error as: S2
e
=
∑

ni(1 − r̄)2
�

∑

ni
 ; Q-value is calculated as: 

Q =
∑

�

ni − 3
�

∗
�

zr − zr
�2 and the fail safe N is as: N = k ∗

(

r̄
/

rc
− 1

)

 , where rc is the “just signifi-
cant” level or critical effect size which usually use 0.01.
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research method (econometrics vs. non-econometrics) to explain the variation in 
the correlation between reviews and helpfulness. The HLMA is preferable to more 
conventional subgroup moderator analysis for its use of a regression-based format 
and explicating the multi-level nested or hierarchical structure, which overcome the 
statistical error brought by all level factors regarded as the same [66]. The model is 
estimated by using the maximum likelihood estimation method because it produces 
robust, efficient, and consistent estimates [67].

Before estimating the HLMA, we conduct several checks to ensure the robust-
ness of this meta-analysis. We examine the bivariate correlations among the mod-
erators to avoid the potential collinearity problems and perform sensitivity analysis 
by omitting each of the factors with at least one correlation greater than .5, one at a 
time, as proposed in previous meta-analysis [68]. The coefficient estimates are stable 
in all cases in the models. In addition, we perform a residual analysis of errors to 
determine whether the assumptions of HLMA are satisfied. The extensive robust-
ness checks can rule out multicollinearity and ensure the stability of our model and 
results. Based on the HLMA analysis, we specially depict the different trends of 
Amazon.com and all websites, American culture and all cultures to explain the vari-
ation related to website and culture background in the correlation between review 
helpfulness and its determinants.

5  Results

Table 3 provides a summary of mean effect sizes and homogeneity analysis of the 
influence of review characteristics on helpfulness. #Effect size, sample sizes, mean 
effect sizes, 95% confidence intervals, the variance of correlation coefficients, vari-
ance caused by sampling error, the residual variance, heterogeneity test Q and fail 
safe N are reported. Regarding review depth, the mean effect size is strongest for 
readability (r = .110, p < .1), followed by review length (r = .094, p < .001) and vol-
ume (r = − .023, p < .05), indicating that review readability exerts greater impact 
on review helpfulness than review length and volume in terms of review depth. 
Besides, the negative coefficient between volume and helpfulness indicates that 
review helpfulness decreases as the number of reviews increase. We also find that 
the relationship between review rating and review helpfulness is .056 (p < .1) and 
between  rating2 and review helpfulness is .086 (p < .1). Meanwhile, timeliness exerts 
positive influence on review helpfulness with mean effect sizes of .037 (p < .05). All 
the proposed relationships are found to be significant, implying that on average these 
variables do have significant influence on review helpfulness. Thus, hypotheses H1, 
H2, H3, H4a, H4b, and H5 are supported.

Examining the confidence intervals, we notice that all correlation coefficients do 
not include zero and have lower dispersion around the mean effects, indicating the 
mean effect sizes can significantly reflect the relationships. The greater the file safe 
N, the stronger stability of the mean effect size and the less likely it is to overthrow 
it. We can find that file safe N is higher for the links length-helpfulness and rating-
helpfulness, which is an indication that the two mean effect sizes are more unlikely 
to be null. For example, to bring length-helpfulness down to the level of .05 (the 
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“just significant” level), there would be 529 studies with null results to be included 
in our analysis. Even the lower file safe N of 43 studies for volume suggests that it is 
unlikely that there is this number of studies (compared with 13) finding null results 
for the effects of volume on helpfulness.

The interpretation of sampling variance to variation of the effect sizes are all 
very small (see columns of  Sr2 and  Se2). According to the 75% rule of Hunter and 
Schmidt [63], there may be some moderating variables that might contribute to 
explaining the variance in these effect sizes, Q test also supports this conclusion. 
Q-statistics are significant for all variables, indicating the presence of highly het-
erogeneity. This means that the variability in the effect sizes exceeds what would 
be expected from sampling error. The variability can be explained by substantial 
differences between studies and effect sizes. For that purpose, we apply moderator 
variables that describe differences between studies and effect seizes.

Table  4 shows the moderator effects of product type, website, culture back-
ground, journal level and method on the relationships between helpfulness and 
its determinants. We can see from the table that the maximum variance inflation 
factors (VIF) are all below the recommended threshold of 10 [69], indicating that 
the regression models are relatively free of collinearity. Besides, the models pre-
sent different proportions of variance explained by the predictors (see Pseudo-R2) 
and the significant results (e.g. �2

= 802.7 ) of Chi square test indicate that there 
may be still other moderators affecting the relationship between review helpful-
ness and its determinants besides the selected moderators in this study.

For the moderating effect of product type, the results show that product type 
significantly moderates the effects of review extremity and depth (with the excep-
tion of review readability). Specially, review extremity exerts relatively strong 

Table 3  Meta-analytic effect sizes of the determinants on helpfulness

***p < .01, **p < .05, *p < .1

Variables #Effect 
size

Sample 
size

Mean 
effect size

Confidence 
interval

Sr2 Se2 Q statistics Fail safe N

Depth 94
Length 62 2,083,056 .094*** (.093, 

.096)
.018 .000 55,459 521

Volume 13 811,236 − .023** (− .025, 
− .021)

.001 .000 6258 43

Readability 19 493,268 .110* (.107, 
.113)

.001 .000 2458 189

Extremity 69
Rating 51 363,379 .056* (.055, 

.057)
.0161 .000 71,153 237

Rating2 18 179,616 .086* (.081, 
.090)

2.59 .000 61,717 136

Timeliness 28
Review 

age
28 832,844 .037** (.035, 

.040)
.016 .000 15,563 76
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influence on review helpfulness for experience products than for search products 
with mean effect sizes of .16 versus .03 on rating and of .12 versus .01 on  rating2. 
The negative coefficient (β = − .28, p < .001) reveals that the effect of volume 
on review helpfulness is stronger for other websites (.06) than for Amazon.com 
(− .13). On Amazon.com, review volume exerts a negative impact on the help-
fulness; While on other websites, the impact of volume on review helpfulness is 
positive. Culture background is significant for the links readability-helpfulness 
(β = − .06, p < .05) and review age-helpfulness (β = .14, p < .05), with the negative 
coefficient indicating that the association between readability and helpfulness is 
stronger (.06) for the reviews wrote by others while weaker (.04) for those wrote 
by Americans and the positive coefficient indicating that the association between 
review age and helpfulness is stronger (.05) for the reviews wrote by Americans 

Table 4   The HLMA results for moderator analysis

Standardized coefficients are presented; #Effect sizes and mean effect sizes are displayed for each cat-
egory of the significant moderators. The code first mentioned is 0 and latter mentioned is 1. ***p < .01, 
**p < .05, *p < .1

Moderators Depth Extremity Timeliness

Length Volume Readability Rating Rating2 Review age

Product type
 Beta .12* .18** .01 .18* .41** .11
 #Effect sizes 28/34 5/8 7/12 19/32 8/10 13/15
 Mean effect size .04/.11 − .01/− .03 .03/.07 .03/.16 .01/.12 − .04/.06

Website
 Beta .09 − .28*** − .03 .03 − .21 .05
 #Effect sizes 26/36 4/9 8/11 23/28 6/12 13/15
 Mean effect size .036/.058 .06/− .13 .02/.06 .022/.043 .06/.076 .05/− .01

Culture back-
ground

 Beta .10 − .13 − .06** − .11 − .18 .14**
 #Effect sizes 20/42 5/8 10/9 24/27 7/11 8/20
 Mean effect size .08/.034 − .02/− .01 .06/.04 .068/.015 .08/.06 − .01/.05

Journal level
 Beta − .15** − .05* − .08 − .18** .13 − .07
 #Effect sizes 27/35 8/5 12/7 25/26 8/10 22/6
 Mean effect size .04/.03 .00/− .05 .05/.06 .04/.03 .12/− .01 .02/.01

Method
 Beta .19** .2*** − .13 − .05 − .105 − .09
 #Effect sizes 14/48 2/11 3/16 11/40 2/16 9/19
 Mean effect size − .05/.06 − .04/− .01 .06/.03 .02/.04 .30/.06 − .11/.04

Max VIF 1.63 2.72 2.93 1.53 2.50 3.38
Pseudo-R2

Chi square test
.26
2.12 (> .1)

.88
1.93 (> .1)

.14
802.72 (< .01)

.35
4.87 (> .1)

.32
192.05 (< .1)

.16
235.39 (< .05)
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while weaker (− .01) for those wrote by others. The findings are partially in sup-
port of our hypotheses H6a, H6b, H6c.

Overall, journal level presents a similar pattern when considering the relation-
ships between review helpfulness and its determinants. The effect of length, volume 
and rating on review helpfulness is stronger for other journals than for top journals. 
For example, the negative coefficient (β = − .15, p < .05) reveals that the relationship 
length-helpfulness on other journals (.04) is stronger than that on top journals (.03). 
Furthermore, econometric method is significant for length-helpfulness (β = .19, 
p < .05) and volume-helpfulness (β = .2, p < .001), with the positive coefficients 
indicating that the link length-helpfulness is stronger (.06) for the studies measured 
by econometrics and weaker (− .05) for those measured by other methods and that 
the association volume-helpfulness is stronger (− .01) for the studies measured by 
econometrics and weaker (− .04) for those measured by other methods. The findings 
are partially in support of our hypotheses H7a, H7b.

Given the contradictory effects that the influence of volume on helpfulness on 
other websites is positive (.06) while negative (− .13) on Amazon.com and that 
the influence of review age on helpfulness moderated by American culture is posi-
tive (.05) while negative (− .01) by others, we further check the moderator effects 
of website and culture on the links volume-helpfulness and timelines-helpfulness, 
respectively. As depicted in Fig. 3a, when volume of reviews increases, the prob-
ability of reviews found helpful decreases on Amazon.com while increases on other 
websites, but this downward trend is more pronounced on Amazon.com. Conse-
quently, the helpfulness of whole reviews decreases as the volume increases. This 
implies that consumers perceive too many reviews on Amazon.com as less helpful 
than that on the others. Excessive opinion may well bring only marginal informa-
tion, which is not particularly important to consumers [11]. As a whole, the influ-
ence of review volume on helpfulness depends on websites in the sense that volume 
has a weaker and negative influence on helpfulness for reviews that are posted on 
Amazon.com compared with those appearing on other websites.

With regard to culture, the upward trend of effect sizes for all cultures suggests 
that review age has a positive effect on helpfulness. For non-Americans, they are 

Effect 
size

Review Age

Moderator of culture

Americans

All cultures

Effect 
size

Voulme

Moderator of website

Amazon.com

All websites

(a) (b)

Fig. 3  Trends of effect sizes for the two moderators
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inclined to hold that later posted reviews would have more opportunities to be 
noticed by consumers, thus receiving more helpful votes, which make them easier 
to get the chance being ranked in the most helpful positions [18]. The influence, 
however, is distinctive and positive for Americans. As depicted in Fig. 3b, the prob-
ability of reviews being helpful for Americans greatly increases as the posted time 
increases. American reviewers pursue freedom of expression and they can show 
their opinions more openly; besides, they tend to be more specific in their reviews 
and express their own opinions without reproach [70]. All these lead to conse-
quences that older reviews may capture the aspects worthy of reviewing, leaving less 
perspective for later reviewer to add on.

6  Discussion

Based on prior empirical studies about review helpfulness, we illustrate three met-
rics that consumers may take into account when determining the helpfulness of a 
review and refine them the most important antecedents of review helpfulness which 
has not been fully accounted within the context of online reviews. Table 5 summa-
rizes our propositions and findings.

The most impactful influencing variable in our meta-analytic model is review 
readability. Online product reviews exert significantly greater influence on their 
helpfulness when they are delivered by containing judgments related to the product 
being evaluated in a level of understandability and comprehension [19]. Consumers 
have propensity to search for product reviews that are easy to read, which facilitates 
them obtaining the specific information necessary within the overwhelming amount 
of reviews posted online [27]. They value opinions from reviewers who provide eas-
ily understood usage experience with the product, and require supporting evidence 
for arguments. Park and Kim [71] once theorized it cognitive effort and, in particu-
lar, review text’s cognitive fit to an average consumer with a normal level of exper-
tise regarding the product evaluated. Theoretically, when the information expressed 
in the text matches the consumer’s own information-processing strategy, a cognitive 
fit occurs [72]. This finding provides a proxy for investigating the impact of read-
ability as an independent measure for helpfulness forecasting.

Our analysis also provides more solid evidence for the discussed interplay 
between the length and helpfulness attributed to an online review. The attributes of 
text-based information make customer reviews can be measured using the number of 
words or pages. Therefore, word becomes a natural way to look at insights of online 
reviews because reviews are typically composed and delivered in text forms [22]. 
Although some studies have documented the adverse effect of too much informa-
tion [73, 74], our study still supports that a review filled with depth is conducive for 
people’s online shopping decision. Longer reviews can draw more attention because 
consumers can have a better chance to find the review content they are interested 
from longer ones [35].

Regarding the relationship between review volume and helpfulness, there is a 
weaker and inverse association between them. When a product has a small num-
ber of reviews, the scarcity of information elevates the importance of each available 
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review; With reviews increasing, an additional opinion may well bring only mar-
ginal information, which is not particularly important to consumers [11]. Alterna-
tively, when there are only a handful of product opinions, each opinion may bring 
new information, and therefore matters to consumers; While the abundance of prod-
uct information appears to dilute the helpfulness of any single review. The modera-
tor analysis demonstrates that website significantly moderates the effect of review 
volume on helpfulness within Amazon.com exerting stronger negative impact. We 
notice that the probability of a whole review being found helpful on Amazon.com 
and the whole websites all decrease with the increase of volume, but this down-
ward trend is more pronounced on Amazon.com. As one of the earliest retail web-
sites, Amazon.com enables consumers to submit product reviews about their opin-
ion without censorship. Pan and Zhang [11] once pointed out that Amazon.com 
appeared to interfere with publishing consumer reviews at a low level. With so many 
reviews, people may feel disgusted and doubt about its motives. In contrast, for other 
websites, more reviews may relate more to personal experiences, and contain more 
content to express feelings and opinion, which can increase the consumer’s viscos-
ity and the visibility of the sites [75]. To sum up, from the perspective of review 
readers, the volume-helpfulness relationship differs based on the websites and the 
negative effect of review volume on helpfulness is expected to be more manifest on 
Amazon.com than on others.

Our results show that the reviews with the older generated opinions have a higher 
probability of getting more votes, suggesting that people tend to pay more attention 
to those earlier posted opinions. One of the possible explanations for the fact is that 
the reviewers of the earlier reviews could provide and integrate more contents and 
opinions and tend to be more accurate, leaving less information could be written by 
later reviewers [18]. It is also interesting to find that the cultural background of indi-
viduals significantly moderates the relationship timeliness-helpfulness with the evi-
dence that American consumers differ from the others towards the posted reviews. 
As for Americans, earlier reviews have significant advantage over later reviews 

Table 5  Results summary

Hypothesis Result Depth Extremity Timeliness

Length Volume Readability Rating Rating2 review age

H1 Confirmed +
H2 Confirmed −
H3 Confirmed +
H4a Confirmed +
H4b Confirmed +
H5 Confirmed +
H6a Partially confirmed + + + +
H6b Partially confirmed −
H6c Partially confirmed − +
H7a Partially confirmed + + +
H7b Partially confirmed + +
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in terms of getting attention from online shoppers and garnering helpfulness votes. 
American consumers are probably more receptive to e-commerce activities and 
rely more on online recommendations than consumers elsewhere do because of the 
developed Internet [10]. Additionally, as opposed to many other cultures, the Ameri-
can culture is the most prudential one in the world and American consumers might 
scan the reviews more seriously with full passion. As a result, American consumers 
might react stronger to earlier reviews than consumers in other countries.

Our empirical analysis also confirms the positive relationship between review 
extremity and helpfulness. The positive coefficient for rating means that consumers 
tend to rate positive reviews to be more helpful than negative ones. This is consistent 
with the general online shopping experience because consumers are more likely to 
believe that review content are objective posted by reviewers without personal emo-
tion bias. Besides, review rating has a “U” shape relationship with review helpful-
ness, indicating that online consumers perceive extreme reviews (positive or nega-
tive) as more helpful than moderate reviews. Meanwhile, we also provide insights 
about important moderators relating to journal level and research method, which 
may augment or diminish the influence that product reviews exert on helpfulness. 
Findings from moderator analysis support the moderating role of journal level on 
length, review volume and rating and results of top journals have more reference 
value when compared with mean effect sizes of review characteristics. Results of 
moderator analysis also show that method moderators the influence of length and 
volume on review helpfulness.

7  Implications

By including collected variables used in prior studies influencing online review help-
fulness with the moderator variables used in meta-analysis and modeling them on 
review depth, extremity and timeliness, we not only identify important factors driv-
ing helpfulness but also arrive at a rich set of academic and managerial implications.

7.1  Theoretical implications

First, our research helps summarize the literature on helpfulness within the context 
of review characteristics. Different with previous meta-analysis which has explored 
the influence of customer reviews on economic behavior such as how online reviews 
influence sales, we focus on how and to what extent a review affects consumers’ 
psychological outcomes. By contrasting and combining results from existing studies 
concerning factors influencing review helpfulness, we provide conclusive take-away 
with respect to some important aspects of online product reviews and their helpful-
ness. We give a combination of all the metrics in terms of review depth, extremity 
and timeliness and provide further researchers a comprehensive model so as to esti-
mate the relative importance of reviews on predicting review helpfulness, which will 
be conducive to set the agenda for future research efforts.
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Second, we ground the measure of review depth in Mudambi and Schuff’s study 
by adding readability and volume. The present study constitutes a complement of 
earlier work of Mudambi and Schuff [3], where a similar mode was examined with a 
theoretical model involving review depth and extremity. We propose a more appro-
priate theoretical framework to explain the interplay between review depth and its 
helpfulness. Readability is an intrinsic and qualitative cue of depth. To some extent, 
easily understood reviews indicate a lack of depth in content but save the time con-
sumers look through them. In contrast with review length, volume is an extrinsic 
and quantitative cue of depth, more reviews mean information for a product. The 
results of this study enhance prior knowledge by showing that not only length of 
reviews plays a role, but also the ease of understanding and volume of reviews do.

Third, we test for a wide variety of commonly raised concerns for the relation-
ships, including product type, website, culture background, journal level and research 
model. Because the focus of our meta-analysis is on the characteristics of the reviews, 
the effect sizes we obtain differ concerning its source influencing the impact of online 
product reviews. We find that website significantly moderates the effect of review 
volume on helpfulness with Amazon.com exerting a negative impact as volume 
increases. Given that more than 60% of observations in our sample are from Ama-
zon, the huge proportion ultimately make negative volume-helpfulness link. With the 
rapid growth of internet, China has seen the biggest e-commerce market such as Ali-
baba and JD.com [23] in the word. More research should be encouraged to enhance 
the diversity of the websites and should not be limited on Amazon.com.

7.2  Practical implications

Our findings also provide better analytic tools for E-business firms, who can 
benefit from practical guidance based on the rigorous analysis of specific design 
elements of online feedback mechanisms and contextual variables that could 
improve their marketing initiatives.

First, the different influence of review characteristics on helpfulness suggests 
that they should be separated as different goals in online activities. For instance, 
if the goal is to maximize review helpfulness, it is perhaps that review depth (such 
as length and readability) should be taken into account, because it may have great 
chance to induce consumers to browse through the products. Online retailers there-
fore could consider different incentive mechanism for customers to provide as much 
depth, or detail, as possible. The remarkably strong effect of readability suggests 
that online review readability is an important tool to influence review helpfulness. 
In practice, encouraging easily understood customer reviews does appear to be an 
important component of the strategy of many online retailers. E-business firms may 
attempt to encourage understandable reviews from existing customers as part of their 
marketing strategy, they need to think about mechanisms to encourage not only more 
information-rich but also more understood reviews that are helpful to future custom-
ers. For example, websites like Amazon could include a readability assessment tool 
showing the readability scores while a customer is writing his or her review.
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Second, it is more of a concern for Amazon.com to restrict the volume of prod-
uct reviews. Reviews have the potential to attract consumer visits, increase the time 
spent on the site (“stickiness”), and create a sense of community among frequent 
shoppers. However, as the availability of customer reviews becomes widespread, the 
strategic focus shifts from the mere presence of customer reviews to the customer 
evaluation and use of the reviews [3]. Making a better decision more easily is the 
main reason consumers use a website, so it is important for Amazon.com to draw 
consumers’ attention by providing detailed guidelines for writing reviews valuable 
and censor them and remove irrelevant information so that consumers have an easier 
access to find the review content they are interested from the dense ones.

Third, our study supports that American consumers are more likely to recognize 
the older reviews to be helpful. Given that timeliness is a signal influencing online 
consumers when they do product research, E-business firms should devote efforts 
to strategically highlight the earlier reviews posted by Americans and bring them 
to the attention of prospective consumers, even when they are not rated by users as 
most helpful. In practice, we suggest that online retailers should develop measures 
regarding how prospective consumers scan the user-generated product information. 
For example, the review system can distinguish American reviews and strategically 
highlight them and ordering likely helpful recent reviews. Such practice could help 
consumers make more informed buying decisions. This implication may be par-
ticularly important to those retailers whose target consumers are across the whole 
world. Offering accurate location of the culture of a reviewer can enhance consum-
ers’ shopping experiences, which, in turn, may help retailers achieve their long-term 
financial goals.

8  Conclusion and limitations

Previous studies on the impact of review characteristics on consumers’ evaluations 
in terms of review helpfulness have shown controversial conclusions. Our meta-
analysis partly resolves these inconsistencies in the literature. Based on prior empiri-
cal studies about review helpfulness, we provide a theoretically grounded explana-
tion of what constitutes a helpful review employing 191 effect sizes of 53 empirical 
studies. Overall, our study shows that review depth, extremity and timeliness have 
varying effects on review helpfulness. Review depth exerts greater impact on review 
helpfulness except for its sub-metric of review volume, which exerts the least impact 
among the whole variables. This study also confirms the significant positive relation-
ship between review readability and helpfulness. Besides, our findings concerning 
the moderating effects of websites and culture background on the relationships imply 
that fewer reviews on Amazon.com will be conducive for its review helpfulness and 
that American consumers prefer earlier ones when scanning the product reviews. We 
believe this work could provide multiple contributions to this important field.

Several limitations that are common to meta-analytic reviews are also presented 
here. First, the quantitative synthesis is constrained by the nature and scope of the 
original studies on which it is based. Despite the fact that we make every effort 
to search the original studies, it is inevitable that we still ignore some articles, for 
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example those published not in English or working papers undisclosed. Second, our 
analysis is constrained to examining variables that could be coded from the extant 
literature. While the independent variables studied here provide scholars and practi-
tioners useful information, more factors are still needed to be modeled and reported 
in future studies of online product reviews. For instance, it would be interesting to 
explore the effectiveness of review valence, which is used to evaluate the content of 
individual reviews. Third, this meta-analysis is limited by the quality of the original 
studies and the availability of moderators. Following Cohen [76] suggestion for ana-
lyzing the magnitude of effect sizes (r > .5 as large; r = .3 as medium; and r < .1 as 
small effect size), given that all the effect sizes are small, there may be quality-dif-
ference existing among the selected studies. Fourth, because some moderators such 
as study characteristics are not readily available in all studies that we consider for 
this meta-analysis, further research is needed to understand how other moderators 
may influence the impact of reviews on helpfulness.

Acknowledgements The work described in this paper is supported by National Natural Science Founda-
tion of China (Grant Nos. 71531001 and 71572006).

Appendix A

See Table 6.

Table 6  Studies included in the meta-analysis

References Website Study provides effect sizes of valence influence 
on

Review age

Length Volume Readability Rating Rating2

Otterbacher [25] Amazon ✓ ✓ ✓ ✓
Huang et al. [22] Amazon ✓
Zhang [100] Amazon ✓ ✓
Pan and Zhang [11] Amazon ✓ ✓ ✓ ✓
Ghose and Ipeirotis [99] Amazon ✓ ✓
Ghose and Ipeirotis [4] Amazon ✓ ✓
Baek et al. [20] Amazon ✓ ✓ ✓
Lee and Choeh [21] Amazon ✓ ✓ ✓ ✓
Huang and Yen [77] Amazon ✓ ✓ ✓
Wan [51] Amazon ✓ ✓
Chua and Banerjee [49] Amazon ✓ ✓
Zhang [78] Amazon ✓ ✓
Mudambi and Schuff [3] Amazon ✓ ✓ ✓
Li and Zhan [44] Amazon ✓
Forman et al. [41] Amazon ✓
Salehan and Dan [52] Amazon ✓
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Table 6  (continued)

References Website Study provides effect sizes of valence influence 
on

Review age

Length Volume Readability Rating Rating2

Willemsen et al. [79] Amazon ✓ ✓
Chua and Banerjee [45] Amazon ✓ ✓
Siering et al. [80] Amazon ✓ ✓ ✓
Zhang et al. [81] Amazon ✓ ✓
Einar et al. [82] Amazon ✓
Siering and Muntermann 

[83]
Amazon ✓

Wang et al. [84] Amazon ✓ ✓
Wu [85] Amazon ✓ ✓
Wu et al. [47] Amazon ✓ ✓
Kuan and Hui [37] Amazon ✓ ✓ ✓ ✓ ✓
Wu [30] Amazon ✓ ✓ ✓
Chen et al. [86] Amazon ✓
Lee and Choeh [87] Amazon ✓
Korfiatis et al. [19] Amazon UK ✓ ✓ ✓ ✓
Karimi and Wang [88] Applications ✓ ✓ ✓
Yu et al. [89] Blog, IMDB ✓ ✓
Cao et al. [18] CNET ✓ ✓ ✓
Hong and Xu [90] Douban.com ✓ ✓
Schindler and Bickart [36] Experiment ✓
Filieri [91] Experiment ✓ ✓
Ullah et al. [92] IMDB ✓ ✓
Cheng and Ho [93] Restaurant ✓
Hu and Chen [94] TripAdvisor ✓
Qazi et al. [34] TripAdvisor ✓
Fang et al. [95] TripAdvisor ✓ ✓ ✓ ✓
Kwok and Xie [96] TripAdvisor ✓
Xiang et al. [29] TripAdvisor ✓
Yin et al. [97] Yahoo ✓ ✓ ✓ ✓
Zhou and Guo [42] Yelp ✓ ✓ ✓ ✓
Liu and Park [27] Yelp ✓ ✓ ✓ ✓
Racherla and Friske [35] Yelp ✓ ✓ ✓ ✓
Yin et al. [97] Yelp ✓ ✓ ✓ ✓
Zhu et al. [43] Yelp ✓ ✓ ✓ ✓
Guo and Zhou [31] Yelp ✓ ✓ ✓
Li et al. [98] Yelp ✓ ✓
Chen and Lurie [32] Yelp ✓ ✓ ✓
Yin et al. [97] Yelp. ✓ ✓ ✓ ✓
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