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Abstract

When faced with a large number of reviews, customers can easily be overwhelmed by information overload. To address this
problem, review systems have introduced design features aimed at improving the scanning, reading, and processing of online
reviews. Though previous research has examined the effect of selected design features on information overload, a compre-
hensive and up-to-date overview of these features remains outstanding. We therefore develop and evaluate a taxonomy for
information search and processing in online review systems. Based on a sample of 65 review systems, drawn from a variety
of online platform environments, our taxonomy presents 50 distinct characteristics alongside the knowledge status quo of
the features currently implemented. Our study enables both scholars and practitioners to better understand, compare and
further analyze the (potential) effects that specific design features, and their combinations, have on information overload,
and to use these features accordingly to improve online review systems for consumers.

Keywords Online review system - Design feature - Information overload - Taxonomy

JEL Classification D83

Introduction

Online reviews encapsulate consumer opinions about
products and services (Gutt et al., 2019; Scholz & Dorner,
Responsible Editor: Yun Wan 2013). As online reviews positively affect product sales
(Chevalier & Mayzlin, 2006) and prices (Bai et al., 2017),
and, moreover, provide valuable information on how
products and services can be improved (Kwark et al., 2018),
it is hardly surprising that they have become an increasingly
valued strategic instrument for firms (Gutt et al., 2019).
Consumers search for and access online reviews for
various purposes as part of their shopping decision-making
processes (Nakayama & Wan, 2021). More online reviews
mean more comprehensive information about a product or
service. Hence, more online reviews are basically desirable.
The absence of active management of the presentation of
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with uncertainties about the review source and quality, the
information overload resulting from too many reviews can
be overwhelming (Furner & Zinko, 2017; Hu & Krishen,
2019; Liu et al., 2008; Park & Lee, 2008). Information
overload is believed to confuse individuals, leading to less
effective problem-solving and poor decisions (Eppler &
Mengis, 2008; Iselin, 1988; Schick et al., 1990). A well-
organized presentation of online reviews helps information-
foraging consumers to guide their information-seeking
behavior and support their purchasing decisions (Li et al.,
2017). This is all the more important because consumers
often overestimate their expected search effort before using
a review site (Nakayama & Wan, 2021). “Most consumers
spend only five minutes or less, read five or fewer reviews,
and browse seven to eight pages” before making a decision
(Nakayama & Wan, 2021). Thus, design features supporting
the target-oriented reading and processing of online reviews
become an even more critical issue. To mitigate the adverse
effects of potential information overload on consumers’
information search and processing and to guide and support
information foraging consumers, online platforms enrich
their review systems with several design features, such as
aggregated statistics, sorting and filtering, or highlighting a
few representative reviews.

Despite the great potential of design features used to
facilitate information search and processing in online review
systems, their use is very heterogeneous and far from being
fully exploited. Previous research has not only highlighted
the importance of the design of review systems (Gutt et al.,
2019) but has also built a considerable body of knowledge
about the role played by individual design features in online
review systems, e.g., the impact of salient top reviews on the
efficiency of information provision (Jabr & Rahman, 2022),
and the influence of images on information quality and infor-
mation load (Zinko et al., 2020). However, less consideration
has been given, so far, to the interactions between and con-
sequences of different design choices for more than one fea-
ture. Consequently, we need more knowledge about which
particular design features can improve information search
and processing on online review systems. Such knowledge
would be especially useful to online platform providers to
help them design and improve their review systems by mak-
ing it easier for their customers to search for and process
information. Another challenge, from a research perspective,
is the paucity of design theory on information overload in
online review systems. To address all these issues, we ana-
lyze extant research to provide an overview of currently used
design features that support information search and process-
ing. Hence, we formulate the following research question:

RQ: What are the characteristic design features that sup-

port information search and processing in online review
systems?

@ Springer

To answer this question, we followed a five-stage research
design in which we (1) conducted a literature review, (2)
selected online platforms with review systems, (3—4) itera-
tively built and evaluated a taxonomy for information search
and processing in online review systems, and (5) examined
the design feature frequency distribution of the analyzed
online platforms. In doing so, our research synthesizes find-
ings from the existing literature on online review system
design with the empirical data found in studying the imple-
mentations of these systems in the form of a taxonomy. For
scholars, the resulting taxonomy may serve as an overview
to transfer currently used design features to research-related
settings—for example, one may select a design feature of
interest and investigate its influence on the perceived use-
fulness of reviews, to inform platform design decisions.
Furthermore, according to Gregor’s (2006) “theory for
analyzing,” a taxonomy can be used for the development of
advanced theories in future studies, in our case, to explain
how certain design features, or their combinations, should
be designed to reduce information overload in online review
systems. In terms of its usefulness to practitioners, our tax-
onomy can support online system providers and designers
in the selection process of design features. The taxonomy
provides information about the variety of features that are
available to improve the information search and process-
ing functionality of review systems, in order to enhance the
value of online reviews to customers.

Research background

When making a design decision for online review systems,
several aspects have to be considered. On the one hand, a
review system must be designed in such a way as to maximize
the number of meaningful, interesting, and helpful reviews
being written (e.g., Hong et al., 2017); on the other hand, the
collected reviews must remain manageable and interpretable
for the reader and even for the operator of the review system
(i.e., they have to be sortable, filterable, comprehensible,
etc.). In addition, it is important to be aware that each design
decision has an economic impact by virtue of it affecting the
likelihood of a product being recommended or bought (e.g.,
Babi¢ Rosario et al., 2016). Practitioners and researchers who
manage review systems are therefore aware that design deci-
sions must be taken carefully (Donaker et al., 2019).

For many years now, there has been huge interest in aca-
demia in questions related to online reviews. Consequently,
we find numerous literature reviews on factors that support
the generation of online reviews (Hong et al., 2016; Matos
& Rossi, 2008; Zhang et al., 2014) and on their impact on
economic outcomes (Babi¢ Rosario et al., 2016; Cheung
etal., 2012; Floyd et al., 2014; King et al., 2014; You et al.,
2015). However, it is evident that the design of online review
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systems has received less attention in academia, so far, even
though research results demonstrate that so-called design
decisions moderate the impact of online reviews on eco-
nomic outcomes and the very formation of reviews (Gutt
et al., 2019). There is, however, a void in the literature:
review system providers that have very successfully gener-
ated (an abundance of) online reviews are not told how they
can mitigate the resulting information overload. This means
that prescriptive knowledge is needed on how to design a
review system in ways that support the consumption (i.e.,
searching and processing) of a large number of online
reviews in the best way possible (Xu et al., 2015).

Information overload in online reviews

The fundamental assumption of the information load para-
digm is that there is a finite limit as to how much information
can be absorbed and processed within a limited period of
time (Malhotra, 1982). In the case of information overload,
poorer decision-making and dysfunctional performance
may result (Malhotra, 1982). The amount of information is
calculated as “the number of options available in an assort-
ment multiplied by the number of attributes on which the
options are described” (Scheibehenne et al., 2010). In online
review systems, potential information overload can be due to
context-specific factors, such as the virtually unlimited quan-
tity of reviews a consumer can find and read and the largely
unknown source and quality of the reviews (Hu & Krishen,
2019). Both the number of online reviews and the review
length are relevant to the information search and processing
in online review systems (e.g., Furner & Zinko, 2017; Malik,
2020). While a high number of reviews and long reviews are
generally perceived as advantageous by the online review
literature (e.g., Duan et al., 2008), as online review systems
reach a certain age and size, both literature and practice face
the challenges that come with an exceedingly large number
of reviews (Xu et al., 2015). In their empirical study on the
influence of information overload on the development of
trust and purchase intention based on online reviews, Furner
and Zinko (2017) find that excessive information overload
contributes to a decrease in trust and purchase intention.
However, little is known about how individual consumers
can deal constructively with potential information overload,
and how online review system providers can build review
systems that support customers doing so (Kwon et al., 2015).

Information search strategies and design of review
systems

Given the focus of our research, in this section we concen-
trate on literature that has identified design features that
support the reading process of online reviews to prevent
information overload. Naturally, consumers have limited

time and attention when handling a large number of online
reviews. Thus, certain design features can help users to
quickly grasp the important information about the selected
product, thereby saving time during the reading and process-
ing of all the information available (e.g., Hu et al., 2017;
Zhang et al., 2021).

The task of information search and processing has been
the subject of research for some time in different research
domains (e.g., Cook, 1993; Pirolli & Card, 1999). One
approach, which describes strategies and technologies for
information seeking, gathering, and consumption, is the
Information Foraging Theory. The underlying assumption is
that users will try to modify their strategies or the structure
of the environment (including the interface such as a review
site) to optimize the rate of gaining information (e.g., by
evolving layouts that seem to minimize the search cost for
needed information) (Pirolli & Card, 1999). The Information
Foraging Theory provides an explanation of the relationship
between information seeking and product review provision
through the following three core concepts: scent, patch, and
diet (Li et al., 2017; Pirolli & Card, 1999). The scent refers
to the information or cues that help a consumer to rate the
potential value of specific information, e.g., a summary or
keyword helps a consumer to understand the value of an
online review (Li et al., 2017). The patch is a space for infor-
mation, e.g., a book or a webpage. In the review context,
this could mean that a consumer perceives a combination of
different reviews valuable to support the purchase decision
(Li et al., 2017). The diet refers to “a collection of product
reviews within the same genre, e.g., a collection of attribute-
oriented product reviews” (Li et al., 2017).

The Information Processing Theory of Consumer Choice
highlights the importance of the context and the structure
of the task, as they greatly influence consumer information
acquisition strategies (Bettman, 1979). Hence, one has to
consider a task’s constraints to understand how to best sup-
port information processing (Bettman & Kakkar, 1977). This
is echoed in the decision support systems literature that aims
to understand how people search through and combine infor-
mation. Consumers can apply different information search
strategies as the information load increases that help them
to limit the amount of information (Cook, 1993). “Com-
pensatory search strategies involve combining all available
relevant information to form an overall evaluation [...]. Non-
compensatory search strategies, [...] involve various sim-
plifying heuristics for evaluating and combining informa-
tion” (Cook, 1993). Compensatory strategies are supported,
among others, by aggregation or summarization of informa-
tion or the distinct presentation of individual information
alternatives, one at a time (Cook, 1993). Noncompensatory
strategies are supported by “presenting information in ways
that help offset the biases inherent” in such strategies. Many
consumers spend a very limited time reading and browsing

@ Springer
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through reviews before making a decision (Nakayama &
Wan, 2021). Hence, many consumers arguably follow a non-
compensatory strategy on a review site. This underscores the
importance of design features supporting the target-oriented
reading and processing of selected online reviews.

In the specific context of online reviews, Kwon et al.
(2015) identified two complementary strategies for how con-
sumers might deal with potential information overload stem-
ming from reviews: first, they may consider simple summary
statistics, such as average ratings or distribution of consumer
ratings. Second, they can actively select and read a limited
subset of the available reviews that fit their need. In their
study, they found that consumers did “not feel information
overload not because they can make sense of all the reviews
available, but because they largely ignore the existing data”
(Kwon et al., 2015). Again, this suggests that consumers are
information foraging, applying a noncompensatory search
strategy. Kwon et al. (2015) conclude that “existing tech-
nologies to summarize a large number of reviews still need
to play a substantial role. Particularly, because we noted that
many of our research participants rarely read beyond the first
page, providing a useful first page is quite important.” To
sum up, consumers use reviews for different purposes and
apply different search strategies to do so. This multifaceted
usage of online reviews is also reflected in a vast variety of
different design features of online review systems that have
been studied in the literature.

Some design features are specifically used to provide a
quick overview of all the reviews that are available for a
certain product. This includes, for example, the volumes of
online reviews (i.e., 33 online reviews in total), the provision
of an average rating (i.e., an average 4.7 star-rating), and the
distribution of the star ratings (i.e., five 1-star-ratings, one
2-star-rating, etc.; Qiu et al., 2012). One important finding
is that the presence of a conflicting aggregated rating (i.e.,
a particular review conflicts with an aggregated rating in
terms of valence) decreases the review credibility (Qiu et al.,
2012). In addition, it has been shown that participants in an
experimental study were more tolerant to a high level of
rating distribution for taste-dissimilar (e.g., music albums
and paintings) product domains than taste-similar (e.g., desk
lamps and flash drives) ones (He & Bond, 2015). For taste-
dissimilar product domains, the rating dispersion is attrib-
uted more to the inconsistency in reviewer preferences than
to the product itself.

There are a number of features that guide the attention of
the review reader on behalf of the platform provider, e.g.,
by pre-sorting and highlighting selected online reviews. Pre-
sorting and highlighting can be based on different attrib-
utes, e.g., by date, the review helpfulness score, or semantic
characteristics. A study of review helpfulness and compre-
hension discovered a positive impact by the order in which
reviews are displayed, e.g., by date (Zhou & Guo, 2017) and
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by the semantics of the review text (e.g., Dash et al., 2021;
Hu et al., 2017; Huang et al., 2014; Zhang et al., 2021). The
authors of these studies conclude their work by outlining
the practical implications for review system providers. It is
suggested that the review ranking and highlighting system
should be based on the characteristics that have been found
to positively influence the helpfulness and trustworthiness of
online reviews (Huang et al., 2014; Wan et al., 2018; Zhou &
Guo, 2017), alongside the informativeness of a review (Dash
et al., 2021). Furthermore, the selection of which reviews to
display most prominently has been found to influence the
probability of consumers buying a product (Vana & Lam-
brecht, 2021).

Other design features specifically support the customiza-
tion while searching and reading online review systems (i.e.,
filtering and sorting). The option to sort and filter online
reviews, e.g., by the review date, the star rating, or the lan-
guage, is well-known from websites such as Amazon.com,
Yelp.com, or TripAdvisor.com (Hu et al., 2017). However,
the impact of the design features filtering and sorting on
the reading and processing of online reviews has received
comparably little attention in academia so far. There is a lack
of descriptive knowledge of design features implemented
in online review systems to support information search and
processing. We provide this descriptive knowledge in the
form of a taxonomy for information search and processing
in online review systems.

Interaction of online shop design features
with the review systems

Most studies on online reviews focus on rather isolated
design features of the review system. The results of these
studies show the need for platform providers to carefully
select the features they include in their review system. The
interaction between different design features of review sys-
tems has received little attention so far. There are, however,
first insights into how an online review system and other
online shop design features—question and answer (Q&A)
sections or recommender systems—affect each other. The
Q&A section is especially used for pre-purchase informa-
tion search and comparison when online reviews do not
provide the answer required or when searching online
reviews takes too much time and effort (Mousavi et al.,
2021). The interaction of the Q&A sections with the review
system has been found to improve ratings of products that
have incurred low ratings due to the customer-product fit
mismatch (Bhattacharyya et al., 2020). In another study
that investigates the recommender’s impact on awareness,
salience, and final conversion, results indicate that a rec-
ommender acts as a complement to review ratings (Lee &
Hosanagar, 2021).
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The interaction of design features within the review system
has not yet been investigated to a great extent. As a starting
point for such investigations, an important first step can be
to provide an overview of the individual design features of
online review systems. While there is the study by Gutt et al.
(2019), which gives a broad overview of online review system
design features described in the literature, to the best of our
knowledge, no overview of features and characteristics actu-
ally implemented on existing platforms, specifically aiding
information search and processing, is available so far. With
our taxonomy, we extract existing design features that support
the searching and processing of online reviews from review
systems and from the literature. This constitutes a significant
step towards supporting review system providers (e.g., Which
set of design features exist to support the searching and pro-
cessing of online reviews?) and offering a research agenda to
the research community (e.g., Which design features could or
even should be researched in future studies?).

Research design

The development of taxonomies to structure, analyze, and
understand existing and future objects of a domain (Nickerson
et al., 2013) is widely accepted in information systems
research regarding the design of online platforms (Remane
et al., 2016; Szopinski et al., 2020a) and in the context of
user-generated content (Eigenraam et al., 2018; Hussain et al.,
2019). To develop a taxonomy for information search and
processing in online review systems, we decided to conduct
a five-stage research design (see Fig. 1), inspired by a staged
approach methodology (Remane et al., 2016), and following
guidance on the central activities for taxonomy development
and evaluation (Kundisch et al., 2021; Nickerson et al., 2013).
To start with, we carried out a literature review (stage 1),
before selecting relevant objects (i.e., online platforms that

Inputs

Methods/steps

provide online reviews) in stage 2. Based on the resulting
findings, we iteratively developed a taxonomy to structure the
design features obtained (stage 3) and evaluated the taxonomy,
leading to the current version of the taxonomy (stage 4).
Finally, we applied the taxonomy in practice (stage 5).

Stage 1: Literature review

We searched for literature on the design of online review
systems to identify previously analyzed design features.
Since the goal of this study is to determine characteristic
features that support consumers’ information search and
processing, we focused on the features applied when read-
ing reviews on a platform. We built upon the list of articles
included in the literature search by Gutt et al. (2019), which
identified relevant studies on online review system design
published between 1991 and 2017 across 38 journals from
various disciplines (for a full list, see Appendix in Gutt et al.,
2019). To include more recent research (2018 to 2021), we
also searched for articles in eight high-ranking IS journals
(e.g., Decision Support Systems, Management Science, MIS
Quarterly), four marketing journals (e.g., Journal of Con-
sumer Research), and two journals from the management
and operations field (American Economic Review, Produc-
tion & Operations Management) which, following Gutt
et al. (2019), have been found to publish articles on online
review system design in the past (for a full list, see Appen-
dix, Table 4). Additionally, three journals on e-commerce
recommended by experts were included (e.g., Electronic
Markets). Hence, we selected journals that had particularly
addressed the design of online review systems (see Figure
A2 in Appendix in Gutt et al., 2019). Following on vom
Brocke et al. (2009), we conducted a full-text analysis to
(1) exclude articles not relevant to our purpose (e.g., those
focusing on a different context such as review elicitation,
or articles not explicitly describing any features) and (2) to

Outputs

Stage 1:
literature

Marketing & IS research

. publications
I

Analyze literature on the design of online
review systems based on
vom Brocke et al. (2009)

Research database that met
our research purpose

Stage 2:
selection
of objects

Research database that met
our research purpose

Perform Internet search for online platforms
according to their market environment, main
product segment and turnover

Online platform database with
54 platforms that met our
research purpose

Research database and
online platform database that
met our research purpose

Stage 3:
taxonomy

development al. (2013)
V__4

Build a taxonomy based on the procedure
of Kundisch et al. (2021) and Nickerson et

Taxonomy based on
conceptual and empirical
findings

Stage 4:
taxonomy
evaluation

Taxonomy based on
conceptual and empirical
findings

Evaluate the taxonomy based on the
guidelines of Kundisch et al. (2021)

Evaluated taxonomy

Stage 5:
taxonomy
application

Evaluated taxonomy

Apply the taxonomy in practice

Frequency distribution of
design features in online
review systems

Fig. 1 Research design for developing the taxonomy
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Table 1 Overview of selected online platforms

Market environment

B2C (45), C2C (9)

Main product segment

Books and education (2); clothes and jewelry (7); entertainment electronics and

software (4); food (2); furniture and houseware (3); garden, handcraft, and ani-
mals (2); health (2); mixed goods (8); mixed services (3); travel and events (10);
wellness and beauty (11)

Selected online platforms for taxonomy development

airbnb.de, amazon.de, aponeo.de, baur.de, beautybay.com, benefitcosmetics.com,

bhcosmetics.de, blablacar.de, bonprix.de, booking.com, check24.de, chetkoch.de,
christ.de, cyberport.de, dehner.de, dm.de, docmorris.de, douglas.de, ebay.de, etsy.
com, eventim.de, flaconi.de, fossil.com, fressnapf.de, galeria.de, getaround.com,
google.de, home24.de, ikea.com, kleiderkreisel.de, kosmetik4less.de, lidl.de, lief-
erando.de, maccosmetics.de, mediamarkt.de, notebooksbilliger.de, nyxcosmetics.
de, opodo.de, otto.de, pandora.net, parfumdreams.de, poco.de, real.de, rossmann.
de, saturn.de, snappcar.de, tchibo.de, thalia.de, tripadvisor.de, trustedshops.de,
weltbild.de, workaway.info.de, yelp.de, zalando.de

In italics: among the top 100 highest-turnover online shops in Germany, 2019

identify the design features of online review systems. Our
final set contained 94 articles.

Stage 2: Selection of objects

From September to November 2020, we performed an inter-
net search for online platforms that provide an online review
system. We decided to include platforms in B2C as well as
C2C market environments, as studies indicated notable differ-
ences in moderating effects related to different environments
(Mayzlin et al., 2014; Neumann & Gutt, 2017). Doing so, we
searched for both high-turnover online shops (i.e., the top 100
highest-turnover online shops in Germany 2019; EHI Retail
Institute, 2020) and online shops with a lower online turnover.
To obtain a broad overview of design features currently in use,
we selected platforms with different main product segments.
During the taxonomy development (see “Stage 3: taxonomy
development”), we iteratively selected additional platforms
until there were no additional modifications in the taxonomy.
In total, 54 online platforms were selected (see Table 1).

Stage 3: Taxonomy development

We developed a taxonomy based on the systematic proce-
dure proposed by Nickerson et al. (2013) and Kundisch et al.
(2021). The first step involves specifying the meta-charac-
teristics, including the target user groups and the intended
purpose of the taxonomy. Our taxonomy has two potential
target groups: (1) researchers who investigate online review
systems and their design features; (2) practitioners who inte-
grate online reviews on their platforms and are interested in
developing and refining their review system.

The purpose of the taxonomy is to provide an overview of
currently used design features that allow information search
and processing in review systems to determine the various
options of identifying relevant information available to the
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consumers. Accordingly, “design features that are used to
support information search and processing in online review
systems” is specified as the meta-characteristic which must
be met by all dimensions and characteristics. Furthermore,
to determine when to stop the iterative development of the
taxonomy, we adapted the objective and subjective ending
conditions proposed by Nickerson et al. (2013), with one
exception: the characteristics of each dimension are not
mutually exclusive (i.e., unique) to organize the taxonomy
in a readable and less complex manner (see also, Szopinski
et al., 2020b). In addition, depending on the availability of
data related to the topic under investigation, a researcher has
to choose between the empirical-to-conceptual approach and
the conceptual-to-empirical approach. In this study, we ran
through five empirical-to-conceptual iterations because the
analysis of online review system design is an emerging field
(Gutt et al., 2019) and because of the absence of an exhaus-
tive overview of design features related to review informa-
tion search and processing (see “Research background”).
Based on our selection of online platforms, two
researchers independently explored an initial sample
of ten platforms and identified a set of feature-related
attributes. Next, the researchers consolidated their results
in a workshop and collaboratively created a first version
of the taxonomy. To ensure that both researchers shared
the same interpretation, they jointly went through all ten
platforms again and classified the identified design fea-
tures of the taxonomy (iteration 1). Next, the researchers
split the entire platform sample so that each half was
analyzed by one researcher. After each researcher had
analyzed ten further platforms, the two researchers con-
solidated their results and discussed uncertain cases,
leading to two further characteristics (iteration 2). Next,
24 additional platforms were investigated—twelve by
each researcher—which did not require any taxonomy
changes (iteration 3). Finally, the current version of the
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taxonomy was compared to the design features inves-
tigated in prior research (see “Research background”).
Apart from minor differences in wording (e.g., unidi-
mensional vs. single-dimensional; Chen et al., 2018), no
additional dimensions and characteristics were identi-
fied in our literature search (iteration 4). In the end, the
taxonomy fulfilled all objective and subjective ending
conditions specified above.

Stage 4: Taxonomy evaluation

Following the guidelines for evaluating taxonomies (Kundisch
et al., 2021), we evaluated the taxonomy’s understandability
(i.e., are the features described in the taxonomy understand-
able?), completeness (i.e., is the taxonomy complete or are any
aspects missing?), applicability (i.e., can participants use the
taxonomy to correctly categorize online review systems?), and
usefulness (i.e., who is the target group? What is the intended
purpose?), in three evaluation activities (E1-E3) with multiple
participants (see Table 2).

Table 2 List of evaluation participants (anonymous)

After each activity, we discussed the results among the author
team and iteratively adjusted the taxonomy according to our
findings (see “Evaluation”). (E1) We performed a three-part
online workshop in which we asked the participants to apply the
taxonomy to classify a platform of their choice (illustrative sce-
nario, see Kundisch et al., 2021). They then completed a survey
with questions on the taxonomy’s understandability, usefulness,
and completeness on a 5-point Likert scale (e.g., “Please indicate
your disagreement or agreement with the following statements:
I consider the taxonomy complete”) and open-ended questions
(e.g., “Which dimensions and/or characteristics are missing from
the taxonomy?”). Finally, the participants discussed their expe-
riences with each other and the authors. (E2) To evaluate the
taxonomy’s understandability, completeness, and usefulness, we
conducted two expert interviews with researchers who are famil-
iar with online review systems and were not involved in the tax-
onomy development. The evaluation criteria were used to guide
the semi-structured interviews. (E3) Four practitioners agreed
to meet with us for an online workshop. They first answered
a survey consisting of a 5-point Likert scale and open-ended

No  Work background

Gender Age Review system background/experience

Evaluation workshop E1

E1 Research in literary sciences, journalism m

El Research, university teaching, transfer of scientific results m

El Information systems student (master program) m
E1 Research, university teaching, administration m
El1 Conducting research projects, university teaching f

E1 Research in computer linguistics, text analysis, administra- m

tion, research management

E1 Consultation, supervision, conflict moderation, organiza- f
tional development

El Scientific communication, scientific management f

El Research, data collection, critical literature analysis f

Evaluation interviews (E2)

E2 Conducting research projects, university teaching m

E2 Conducting research projects, university teaching f

Evaluation workshop (E3)

E3 Employee at a company offering review systems as a service m

E3 Employee at a company offering review systems as a service m

E3 Employee at a company offering review systems as a service m

E3 Employee at a company offering review systems as a service m

53  Researcher on online reviews (in literary sciences), designer
of online review systems, reader of online reviews

49  Researcher on online reviews (in IS community), designer of
online platforms, reader of online reviews

24 Researcher on online reviews (in IS community), reader of
online reviews

49  Reader of online reviews

26 Researcher on online reviews (in IS community), designer of
online review systems, reader of online reviews

61  Researcher on online reviews (in computational linguistics),
reader of online reviews

34 Analyst of online reviews in a practical context, reader of
online reviews

33 Reader of online reviews

23 Researcher on online reviews (in literary sciences), reader of
online reviews

29  Researcher on online reviews (in IS community), reader of
online reviews

24 Researcher on online reviews (in IS community), reader of
online reviews

nd  Daily work with online reviews and online review design,
reader of online reviews

nd  Daily work with online reviews and online review design,
reader of online reviews

nd  Daily work with online reviews and online review design,
reader of online reviews

nd  Daily work with online reviews and online review design,
reader of online reviews
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questions on the taxonomy’s understandability and complete-
ness as well as its usefulness, and rated each dimension and its
respective characteristics on a 5-point scale from very unhelp-
ful to very helpful. Finally, they were asked to build their own
review system by selecting features they would like to use from
the taxonomy. Again, we concluded the workshop by discussing
the practitioners’ experiences as well as the participants’ view of
best standards and experience from consumers.

Stage 5: Taxonomy application

We applied the resulting taxonomy in practice by classify-
ing objects of the phenomenon of interest (Kundisch et al.,
2021). To this end, two researchers classified two samples of
online platforms through the taxonomy, considering all 54
online platforms that were selected and analyzed during the
taxonomy’s development (see Table 1). Moreover, to inves-
tigate the applicability of previously not considered online
platforms, and for the B2B market environment, 11 addi-
tional platforms were selected in January 2022 for the tax-
onomy application purpose (see Table 3). This allowed us to
explore the feature frequency distribution of the investigated
online platforms to synthesize the status quo of currently
used design features for information search and processing
in online review systems, and to test the taxonomy’s robust-
ness regarding types of platforms that were not included in
the initial development (see “Taxonomy application”).

A taxonomy for information search
and processing in online review systems

The taxonomy contains 12 dimensions, each with two to six
distinct characteristics (see Fig. 2). To increase readability,
we structured the dimensions into five layers, namely, review
components (i.e., how is the product/service evaluated?),
meta-components (i.e., how are the reviews abstracted?),
predefined review presentation (i.e., how are the reviews
presented by the platform?), customized review presenta-
tion (i.e., can the reader customize the review presenta-
tion, and if so, how?), and reviewer presentation (i.e., how
is the reviewer presented?). Next, we introduce each layer,

dimension (in bold font), and characteristic (in italics) of
the taxonomy in detail by providing descriptions, illustrative
examples, and exemplary references from related literature
(see Fig. 3).

Layer 1: Review components

An online review usually consists of two core components,
namely, a numerical rating (i.e., a general rating of a prod-
uct or service; Qiu et al., 2012) and a review content (i.e.,
a component which complements the numerical rating with
more details; Ngo-Ye & Sinha, 2014). A numerical rating
can be assigned to multiple dimensions of a product/service
(e.g., a numerical rating for the dimensions’ effectiveness,
smell, and taste; see [a8] in Fig. 3; Wang et al., 2020a) or to
the product/service as a whole in the form of a single dimen-
sional rating (e.g., 4 out of 5 stars as a general assessment
of the toothpaste with a summarizing headline “good” [al]).
In addition, one can distinguish between nominally scaled
rating (i.e., scale without logical order, like the articulation
of a recommendation by the reviewer [a9]) and ordinally
scaled rating (i.e., scales with an order such as one to five
stars or hearts [al, c4]). Furthermore, a fext—sometimes
influenced by some kind of predefined review structure (e.g.,
provision of a review title “The smell is good” [a6] or listing
first positive and then negative aspects [a7])—a video or an
image (Zinko et al., 2020) can be provided for more detailed
information. Additionally, a simple numerical rating without
any review content is also possible (none).

Layer 2: Meta-components

On an abstract level, individual online reviews can be enriched
with meta-components assessed by other review readers, which
provides additional information to the information seeker.
Sometimes, the perceived helpfulness (e.g., “3 people found this
review helpful” [al1]; Pan and Zhang, 2011) and textual feed-
back on the review at hand by other consumers or the related
company (e.g., “Thank you for your review. We are glad that
you like our product” [a10]) are presented (Chen et al., 2019; Le
Wang et al., 2020a, 2020b, 2020c; Zhao et al., 2020). Moreover,
further components such as whether the review is perceived as

Table 3 Overview of additional
online platforms for taxonomy

Market environment

B2C (2), C2C (2), B2B (7)

application Main product segment

Additional online platforms for taxonomy application

Books and education (1); entertainment
electronics and software (2); furniture and
houseware (1); garden, handcraft, and animals
(4); health (1); mixed goods (2)

german.alibaba.com, contortion.de, toolineo.de,
capterra.com.de, ebay.de/b/business-industrie,
g2.com, blauarbeit.de, my-hammer.de, study-
check.de, jameda.de, gastro-hero.de
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funny, cool, or liked (e.g., “15 people found this review funny”
[a12]) or no such components (none) are provided. To present
areview summary, on an aggregated review level, the number
of reviews (i.e., volume; Hu et al., 2014) can be displayed—both
for the product/service in general (e.g., 2512 online reviews for
the evaluated product [b2]) and for multiple dimensions (e.g.,
1002 online reviews related to effectiveness [b5]). In addition,
the average numerical rating (i.e., valence; Hu et al., 2014) can
be provided, again related to the product/service in general or
assigned to multiple dimensions (e.g., an average numerical
rating of 3.8 stars for the product [b1] and 2.8 stars on average
related to the dimension taste [b6]). Sometimes, the presenta-
tion of the valence is extended by presenting the average value
in the picture (e.g., 3.8 out of 5 stars are color-filled [b1]), by
a summarizing headline (e.g., “good” [bl]), or by limiting the
value in time (e.g., 2.6 out of 5 stars in 2019). Furthermore,
information on multiple dimensions is sometimes provided
on an aggregated level, but not in the individual online review
(e.g., no presentation of the cost dimension features in the indi-
vidual online review, but on an aggregated level [b7]). Moreo-
ver, online platforms provide a numerical rating distribution
(Yin et al., 2016) such as a star rating distribution (b4) or a rec-
ommendation rate (b3), for which purpose they use percentage
distributions or bar charts (Camilleri, 2017; He & Bond, 2015).

Layer 3: Predefined review presentation

An online platform determines the presentation of reviews
in advance by presorting (Hu et al., 2014), highlight-
ing (Jin et al., 2014), and listing (Dellarocas, 2005) the
reviews, thus influencing what the review readers see
at their first glance at the information. Reviews might
be presorted by date, by a platform-specific score—
such as “relevance” (c2), whose calculation is often not
described—or by further criteria (including if the pre-
sort mechanism is unclear) such as predicted helpfulness
(Dash et al., 2021). In addition, reviews might be high-
lighted by presenting selected reviews separately from
the volume of reviews, typically at the top of a page. This
allows to highlight particularly helpful reviews, extreme
reviews (usually positive ones), the latest reviews,
reviews related to further criteria (e.g., the most relevant
reviews), or no reviews (none). Listing the reviews in this
manner, the platform can shorten the text by introducing
the “read more” button (i.e., collapsed text [c5]), pre-
senting the full review text and the number of displayed
reviews can be limited per page (e.g., presenting only 5,
10, or 25 reviews per page [c8]; Liu et al., 2019) or not
(i.e., all reviews are displayed).

Dimensions Characteristics
Lay_er 1: Numerical rating ] Mult| ) ) S_lngle ] Nomlnall_y Ordmall_y
review dimensional rating dimensional rating scaled rating scaled rating
components
Review content Text Video Image None
Layer 2: Inqlwdual Helpfulness Textual feedback Further components None
meta review level
components A -
ggregate Volume Valence Rating distribution None
review level
Layer 3: q . -
predefined Presorting By date By platform-specific score By further criteria
review Revi ated
presentation Highlighting Helpful reviews Extreme reviews Latest reviews eviews relate None
to further criteria
Listing Collapsed text Full text le.lted ngmber of Al.l reviews
reviews displayed displayed
Layer 4: Filterin: By numerical By tags By search term By further criteria None
customized 9 rating v lag Y Y
review By platf B B ical | By furth
presentation Sorting By date y platiorm- Yy y numerica y further None
specific score helpfulness rating criteria
Translating Available None
Lay_er 5: Identlty-desgrlptlve Name/pseudo Anonymous Profile image Demographlc
reviewer information anonymous information
presentation . N ) R
Reputational e Information on Reviewer Reviewer
. . Verification L : S None
information platform activities | experience level motivation

Fig.2 Taxonomy for information search and processing in online review systems
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c) Sample presentation of online reviews

Fig.3 Sample design features for information search and processing in review systems

Layer 4: Customized review presentation

The information seeker is supported in customizing the
review content by filtering (Hu et al., 2017), sorting
(Ngo-Ye & Sinha, 2014), and translating the reviews.
A platform can propose filtering by a numerical rat-
ing (e.g., by 1 to 5 hearts [c3]), by tags (e.g., by age
group, product/service version, advantages/disadvan-
tages, reviewer badge), by search term (i.e., use of search
field [cl]), or by further criteria (e.g., reviews with
images/videos, verified purchases/consumers, language,
expressed sentiment polarity). Furthermore, it is possible
that no filtering is provided (none). Moreover, different
sorting criteria are available such as sorting by date, by
a platform-specific score (e.g., relevance), by helpful-
ness (c2), by the numerical rating, or by further criteria
(e.g., reviews with images, age group, recommendation,
reviewer badge). Also, sometimes no sorting is supported
(none). Additionally, a translation option of review text
is sometimes available (c¢7) or not (none).

@ Springer

Layer 5: Reviewer presentation

Apart from the review itself, two types of information
are usually presented, intended to describe or qualify the
reviewer, namely, an identity-descriptive information,
i.e., information on the reviewer as a person (Forman
et al., 2008; Karimi & Wang, 2017), and reputational
information, i.e., information that provides insights into
their experience and skills in reviewing (Banerjee et al.,
2017; Luo et al., 2013). Offering such aspects to the infor-
mation seeker allows them to have more confidence in the
review (Banerjee et al., 2017) or to find it more helpful
(Karimi & Wang, 2017). Identity-descriptive information
includes the reviewer’s name—real name or a pseudo-
nym (e.g., El1a007 [a4])—or anonymous author (c6), a
profile image (a2; Srivastava & Kalro, 2019), and demo-
graphic information (e.g., location, age group [a4]; Kim
et al., 2018). Further potential displays include verifica-
tion information related to the reviewer, purchase, or con-
sumer (a2), and information on platform activities such as
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the number of submitted reviews, received likes, received
helpfulness scores, or community friends. Further infor-
mation displayed may include the reviewer experience
level (Wang et al., 2020b), which indicates a certain range
of experience (e.g., top 100 reviewer badge [a3]; Yazdani
et al., 2018) and information on reviewer motivation (e.g.,
reviewing as a product/service tester, due to a mail invi-
tation with an incentive, without invitation or incentive
[a5]). Occasionally, no information about the reviewer’s
background is given (none).

Evaluation

(E1) The participants in the evaluation workshop were
between 23 and 61 years old (four female, five male). They
all had a scientific background (e.g., doctoral and master
students, one professor, several research assistants). All
were familiar with reading online reviews; the vast major-
ity tend to use review systems as an informational source
before purchasing a product. Seven of them were expe-
rienced with the general topic of online reviews, includ-
ing three participants stating experience—including in a
practical context (e.g., building and maintaining a specific
review system)—with the design of review systems. Four
participants were not at all familiar with the design of
online review systems, although they declared knowledge
on the topic of online reviews itself. (E2) The research
experts we interviewed—one female and one male—are
both doctoral students with a research focus on online
review systems. The interviews were held independently,
and none of the experts were involved in the development
process of the taxonomy. (E3) The third evaluation of
the taxonomy was especially designed to incorporate the
perspective of practitioners. We were able to recruit four
employees from Trusted Shops, a leading German online
shop certifier that offers review systems as a service for
online shops. Each of the participants has at least 2 years
of experience with Trusted Shops and works closely on
questions that deal with the design of online review sys-
tems and the display of online reviews. We present the
combined results from all three evaluation activities in
the following.

Understandability

Across the three evaluation episodes, the participants
predominantly rated the taxonomy as easy to understand,
both on Likert scale, and in open-ended questions, find-
ing it, e.g., “very clear and systematic” (E1, E3). With the
exception of some terms such as “ordinally” or “valence”
(E3), the participants stated that most dimensions and

characteristics of the taxonomy are self-explanatory (E2).
We therefore adjusted some terms in the taxonomy based
on the suggestions made in E2, for example, changing
“reviewer level” to “reviewer experience level,” “platform-
specific value” to “platform-specific score,” “variance”
to “rating distribution,” and “content-related rating” to
“review content.” Other adjustments were made to remove
overlap between the characteristics of “basic profile” and
“extended profile” as suggested by one participant, since
the latter is not possible without the former; hence, these
characteristics were replaced with “profile image” and
“demographic information” (E1). Additionally, some
answers to other questions indicated that the purpose and/
or structure of a taxonomy in general was not entirely clear
to some participants (e.g., “[I miss] a comment field for
‘further criteria’”) (E1). We overall conclude that the indi-
vidual dimensions and characteristics are understandable.

Completeness

Several proposals for adding characteristics or dimensions
were made across the evaluations. One participant noted that
there is no characteristic indicating who is allowed to post a
review (E1). However, this is not within the scope of the tax-
onomy as we focus on aiding information retrieval in online
reviews and consider review elicitation a separate issue.
Other participants suggested an extension of the taxonomy
by including further platforms such as Instagram, where
users also publish product reviews and which allows for fil-
tering and sorting, using hashtags (E1), or B2B platforms
(E3), which we previously did not consider and therefore
limits the completeness and transferability of our taxonomy.
Although one participant in E3 considered the taxonomy as
rather incomplete without prompting any specific changes,
other participants conceded that the taxonomy “is rather
product-review-specific, which makes it ‘more complete’
[than service or shop reviews].” To investigate whether the
taxonomy can also be applied in previously not considered
market environments, we decided to integrate service and
B2B platforms for the purpose of taxonomy application (see
“Taxonomy application”) and found that the taxonomy is
sufficiently complete and applicable for the online review
systems in this market environment, too.

Applicability

In evaluation stage E1, nine participants applied the tax-
onomy to eight different online platforms employing a
review system, of which we used two in the taxonomy
development process (with Amazon being classified
twice). This classification was then compared to a classi-
fication of each review system performed by the authors.
On average, each participant classified 7.4 (median:
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8) out of 12 dimensions correctly and 2.4 (median: 2)
dimensions incorrectly. While six participants scored
above average for applying the taxonomy (8—10 correct
dimensions and some minor deviations, such as overlook-
ing a single feature of a given dimension), one outlier
participant, despite having self-declared as being well-
versed in the topic of online reviews, only selected the
features of three dimensions correctly, while missing and
incorrectly classifying multiple design features that we
identified on the platform. In detail, the least deviations
between participants’ and authors’ classifications (one
each) pertained to the dimensions review content, list-
ing, and translating, while the majority of mistakes (six)
were made for filtering. During the taxonomy develop-
ment, we found on some occasions that not all possi-
ble design features of a review system are present for
every single product—for example, on Amazon.com,
tag filtering is only available once enough reviews have
been allocated. Therefore, some features missing in the
participants’ classifications are likely to be overlooked
due to the sample product(s) they selected to identify the
review system’s features. While further experiments with
a larger participant group are needed to clarify this issue
further, we nevertheless conclude that the taxonomy’s
applicability is overall satisfactory.

Usefulness

When we asked participants which stakeholders might find
the taxonomy useful, they named three groups: researchers
investigating online reviews, practitioners who design or
provide online review systems and/or online shops, and
consumers who use online reviews as a source of infor-
mation. To expand on how each of these groups can ben-
efit: first, researchers can use the taxonomy as a source of
inspiration for research ideas regarding design decisions
for review systems (E2), to assess the importance of indi-
vidual features included in the taxonomy for specific cus-
tomer segments, products, or services (E3), and to identify
types of review systems or best practice standards (E2).
Second, practitioners could benefit from the taxonomy to
make informed design choices for their review systems,
especially to design or configure review systems (e.g.,
systems that allow the users to perceive the reviews as
trustworthy or support beneficial seller-consumer commu-
nication) (E1-E3). It was also highlighted that the taxon-
omy supports experimenting with, testing and comparing
different design options, for example, in user experience
design A/B tests (E3). However, regarding this objective,
some participants noted that practitioners may require fur-
ther information on the features or combination of features
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that are useful for any specific type of products or con-
sumers (E1). Thirdly, regarding the benefit to consumers,
the evaluation participants highlighted that the taxonomy
could be valuable for selecting a (trustworthy) platform in
case of multiple competing ones, for understanding how
a review system works (e.g., the criteria used to pre-sort
reviews), and for gaining a new, more detailed perspective
on review systems and a better overview of the variety
of design features available on different platforms (E1).
Overall, we can conclude that the evaluation results sup-
port the usefulness of our taxonomy for all the intended
user groups (see “Introduction”).

Taxonomy application

In the following, we present the design feature frequency
distribution of the 65 investigated online platforms (see
Tables 1 and 2), to gain insights into how frequently (or
rarely) design features for information search and pro-
cessing in online review systems are used in practice. The
results of the frequency analysis are outlined in Fig. 4 and,
for each characteristic of the taxonomy, they depict the
percentage of online platforms in different market envi-
ronments (i.e., B2C, C2C, B2B, and combined). Next, we
describe the main observations related to the layers of the
taxonomy.

Review components (layer 1)

Regardless of the market environment, almost all the
investigated platforms allow a single dimensional numer-
ical rating and support an ordinal scale. Only a minority
support a nominal scale or a numerical rating of multi-
ple dimensions. Only the B2B platforms support multi-
dimensional rating more frequently. Moreover, regarding
the review content, a textual review format is the most
commonly found across all platforms, whereas images
and videos are rarely supported as information source.

Meta-components (layer 2)

On the individual review level, textual feedback and a
helpfulness score are often displayed. In particular, B2C
platforms frequently integrate a helpfulness score. Almost
40% of all platforms, especially in the C2C and B2B mar-
ket environment, were found to not provide any features at
all on the individual review level. Furthermore, the volume
and valence are always provided across platforms on the
aggregated review level, and about 60% of all platforms
display a rating distribution.
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Predefined review presentation (layer 3)

Online reviews are quite typically presorted by date.
Less frequently, a platform-specific score (mostly called
“relevance score”) or further criteria are used for review
presort. In addition, independently of the type of market
environment, the vast majority of platforms do not use the
highlighting feature. Moreover, across platforms, the vast
majority display a limited number of reviews per page and
present the full review text.

Customized review presentation (layer 4)

About 40% of all platforms do not provide a filtering
feature, particularly C2C platforms. If review filtering is
supported, it is mostly based on a numerical rating. Con-
cerning the sorting feature, almost 50% of platforms do
not allow it. Where sorting is available, users can often
sort by date or by numerical rating. Furthermore, for the
vast majority, no translation of the review text is provided.

Reviewer presentation (layer 5)

Across platforms, a (pseudo-anonymous) name and demo-
graphic information are considered as identity-descriptive
reviewer information. In particular, C2C platforms integrate
such reviewer information, often augmented by the display
of profile images. In the B2B market environment, online
reviews can often be published anonymously. Furthermore,
reputational information on the reviewer is lacking from
about 50% of all platforms—in some instances, information
can be found on the reviewer’s verification, on their platform
activities, their experience level (e.g., top 100 reviewer), or
their motivation (e.g., monetary incentives).

Limitations, discussion, and future
directions

Our study is not free from limitations. Firstly, the developed
taxonomy fulfills the specified ending conditions and—as
the evaluation results illustrate—it was evaluated as both
useful and comprehensible for characterizing design features
that support information search and processing in online
review systems. However, as our investigation is limited,
due to the selection of the review systems and the literature
outlets, the general validity of our sample cannot be guar-
anteed—further review systems may be included, such as
those from other countries, as (potential) cultural differences
are currently not considered, or high-ranking literature from
other journals or research streams that were not analyzed
as part of this study. Secondly, to enhance robustness and
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reliability, two researchers collaboratively created a first ver-
sion of the taxonomy. We then evaluated the taxonomy in
workshops and expert interviews. Nevertheless, the develop-
ment of the taxonomy is based on our subjective decisions
and interpretations. Thirdly, the taxonomy contains currently
used design features for information search and processing
identified during the analysis of review systems and litera-
ture. Nonetheless, we did not examine the extent to which
the identified features enable the best possible support for
information search and processing. Despite these limitations,
we believe that this study offers an important contribution to
understanding (and investigating) of how information search
and processing is supported in online review systems. In the
following, we discuss selected aspects and describe potential
avenues for future research.

Trust in review systems and reviews

We were able to derive interesting conclusions from the per-
spective of researchers (E1) and practitioners (E3) regarding
trust in review systems that complement existing research
on this topic (e.g., Banerjee et al., 2017; Huang et al., 2014;
Reimer & Benkenstein, 2018; Zhou & Guo, 2017). First,
the practitioners’ experience with consumers highlights that
users find trustworthiness important and are often interested
in knowing whether a review or a reviewer is “real.” In line
with existing research, e.g., Karimi and Wang (2017), Kuan
et al. (2015), or Luo et al. (2013), we observe that review
system providers have implemented design features such as
disclosing a reviewer’s identity, flagging up incentivized
reviews, and verifying reviews or purchases. Our results
underline the importance of these features in practice, and
of their either positive (e.g., real name; Srivastava & Kalro,
2019) or negative (e.g., profile image; Srivastava & Kalro,
2019) impact on helpfulness, credibility and/or trustworthi-
ness, and even of their indirect influence on product sales
(e.g., reviewer ranking; Yazdani et al., 2018). Additionally,
previous literature found that consumers tend to trust review-
ers from a similar cultural background (Kim et al., 2018),
highlighting the need for further research into cultural dif-
ferences in review creation and consumption.

Interestingly, in our taxonomy application (see Fig. 4), we
found that, compared to B2C platforms, the C2C and B2B plat-
forms in our sample more often included these features (e.g.,
profile image, verification, and demographic information),
pointing towards a higher significance of trust and personal rela-
tions for B2B and C2C commerce. Second, we found that the
practitioners rated the pre-sorting mechanisms rather neutrally
or even as unhelpful, especially regarding pre-sorting using plat-
form-specific scores (e.g., relevance), which they—along with
the participants of E1—find rather non-transparent and therefore
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untrustworthy, which is in line with existing literature (Banerjee
et al., 2017). Similarly, when building the taxonomy, we were
often unable to find more details on how a “relevance score”
within a review system is calculated, for example. Since the pre-
sorting directly influences the order in which the reviews are
displayed to the reader, if the consumers cannot trust the sorting
algorithm, they may not trust the displayed reviews either. This
could, for example, lead them to believe that negative reviews
are omitted or hard to access (an issue raised by a participant in
evaluation workshop E3), and could sway them towards one or
another product. Review system providers should therefore be
aware of these risks by carefully selecting a pre-sorting approach
and providing information on their pre-sorting mechanism (Liu
etal., 2019; Wan et al., 2018).

Best standard—and limits

In the discussion in E3, where we asked the practitioners to
describe review systems they considered to be best practice
examples, they named otto.de, which we included in our taxon-
omy building process, and Google Maps, which has not been
used but applies the same review system as google.de which is
part of our sample. The platform otto.de implements features
such as a star-rating, the rating distribution and average, rating-
based filtering, various sorting mechanisms, a recommenda-
tion rate, and purchase verification. Additionally, it displays
details on which version of the item has been reviewed and
where it has been purchased. The practitioner especially high-
lighted the helpfulness of filtering for specific product char-
acteristics described in the reviews, such as quality or fit. By
contrast, the Google Maps’ review system adds another per-
spective: using the location of the reader, it displays relevant
stores, restaurants, doctors, etc. in the vicinity, along with their
ratings, and the detailed reviews are made available at a click.
Hence, reviews are tailored to the reader using a location-based
service. Such location-based or context-sensitive tailoring of
review systems is an interesting avenue of research and also
feasible since the necessary data is easily accessible nowadays.
When following such best standards, it is not advised, however,
to simply add as many helpful features to a platform as pos-
sible. One comment from a practitioner in E3 has highlighted
that this can cause ““a rabbit hole of information,” i.e., too much
information provided by too many functionalities, which is det-
rimental due to the limited amount of information that humans
can process when making decisions (Malhotra, 1982). There-
fore, this could lead to the very same information overload that
the features are supposed to address—the practitioner in ques-
tion admitted that especially in the case of Amazon or booking
platforms such as booking.com or TripAdvisor, he feels just
as indecisive after reading the reviews as before, and therefore
“not helped.” However, according to Hu and Krishen (2019),
when an online review system offers features for consumers to

determine the amount of information that is displayed, it leads
to less overload, easier decision-making, and higher satisfac-
tion with the decision. Hence, review system designers should
be careful not to include too much functionality which would
result in the display of even more information, but instead pri-
oritize features that strengthen users’ ability to decide which
and how much information is displayed. To assist review sys-
tem designers in this feature selection process, it would be
valuable, as a next step, to derive a set of best practices for
specific types of platforms based on the presented taxonomy,
each summarizing and thus proposing a set of design features.

Enhancing the design of online review systems

During the platform analysis, we identified several opportu-
nities for enhancing current review systems. First, while the
reviews on all the platforms we analyzed contained text, very
few contained videos as a source of additional information.
However, previous research has found a positive influence of
videos on, for example, purchase intention, helpfulness, and
credibility of a review, compared to text-only reviews (Xu
etal., 2015). Similarly, reviews containing images are assumed
to lead to higher trust and purchase intention (Srivastava &
Kalro, 2019; Zinko et al., 2020) regardless of the length of
the review text, although images in addition to longer text can
increase the consumer’s information overload (Zinko et al.,
2020). We conclude that these features are useful according
to the literature but that they have rarely been implemented
in review systems, and that review system designers should
pay more attention to these features in the future. Second, we
observed that the majority of review systems use a single-
dimensional rather than a multi-dimensional rating system. In
literature, it is established that the multi-dimensional rating
feature allows users to more easily perceive specific details
of a product/service, both on the level of an individual review
and in aggregation (Chen et al., 2018). The multi-dimensional
rating feature has been found to be especially impactful for
products with a heterogeneous quality on the feature-level
(e.g., outstanding product durability but mediocre delivery
time) in order to emphasize the product’s strengths (Wang
et al., 2020a). From this perspective, it would be recommended
to implement multi-dimensional ratings when developing a
new review system. Changing an existing system from a
single-dimensional to a multi-dimensional rating is not with-
out problems, however. Review system providers must care-
fully consider any changes to ensure that the history of single
dimensional ratings can still be used in a meaningful way.
Other suggestions for new design features made in the
evaluation workshop included the automatic summarizing of
product or service dimensions from review texts, or a feature
that allows to collate reviews with similar opinions. Thirdly, we
found that few platforms (i.e., only 17%) in our sample imple-
ment a mechanism that highlights reviews deemed relevant
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(e.g., especially helpful) by users. Moreover, just over half of
platforms (51%) allow consumers to sort, and 60% to filter
reviews by selected criteria. Only a few studies were found in
the literature (Hu et al., 2017; Zhou & Guo, 2017) that exam-
ined these features—highlighting, sorting, and filtering of
reviews—or the integration of further criteria (e.g., filtering
by review length or by similar textual review content), which
suggests that future research should investigate these aspects
in more detail. Fourthly, we did not consider whether review
information is made accessible for people with visual, cog-
nitive, and other access needs, e.g., changing font size and
background color, translation, read-aloud function, and easy-
to-understand language. To advance digital inclusion (Digital
Inclusion Team, 2007) and to contribute to the social sustain-
ability of online review systems (Schoormann & Kutzner,
2020), we call for the provision of review information to be
made accessible to all consumers. Fifthly, the present study
focused on the issue that consumers are overwhelmed by the
sheer number of reviews available. However, the opposite
situation may arise, where there is an insufficient number of
reviews available for consumers to base their purchase decision
upon (Sun et al., 2017). Against this backdrop, we propose
developing a similar overview of design features for review
elicitation with the purpose of supporting practitioners in
enhancing online review systems from this perspective.

Appendix

Conclusion

Our study contributes to the descriptive knowledge on the
design of online review systems by exploring a hitherto lit-
tle-understood domain. Our main contribution consists of a
theoretically well-founded and empirically validated taxon-
omy that focuses on the functional characteristics of design
features supporting the scanning, reading, and processing
of online reviews. The comprehensive overview of our tax-
onomy complements the mature field of research on driv-
ers (e.g., Hong et al., 2016; Matos & Rossi, 2008; Zhang
et al., 2014) and economic outcomes of online reviews (e.g.,
Babic Rosario et al., 2016; Cheung et al., 2012; Floyd et al.,
2014; King et al., 2014; You et al., 2015). Consequently, we
find numerous literature reviews on factors that support the
generation of online reviews and on the impact of online
reviews on economic outcomes. Although existing literature
helps to understand the value of online reviews in general,
they mostly detract from the impact of the (specific) design
of any single features of a review system and from how
those design features can be configured differently. Our tax-
onomy is the first to take a design perspective from a review
reader’s point of view. From a theoretical point of view, our
taxonomy provides a foundation for the further analysis,
design, and configuration of online review systems.

Table 4 Relevant journals analyzed as part of the literature review, excluding journals without publications on online review system design
between 1991 and 2017 as identified Gutt et al. (2019) (research design stage 1)

Research field Journal

Timeframe covered
in literature analysis

Relevant journals as identified byGutt et al. (2019)
Strategy, marketing, and economics

Marketing

Information systems

Production and operations
Expert recommendations

Electronic commerce

American Economic Review 1991-2021
Journal of Consumer Research 1991-2021
Journal of Interactive Marketing 1991-2021
Journal of Marketing Research 1991-2021
Marketing Science 1991-2021
Decision Support Systems 1991-2021
Electronic Commerce Research and Applications 1991-2021
Information & Management 1991-2021
Information Systems Research 1991-2021
INFORMS Journal on Computing 1991-2021
Journal of Management Information Systems 1991-2021
Management Science 1991-2021
MIS Quarterly 1991-2021
Production and Operations Management 1991-2021
International Journal of Electronic Commerce 2018-2021
Electronic Markets 2018-2021
Electronic Commerce Research 2018-2021
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