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ABSTRACT
Customers learn about restaurants in various ways, and integrating this disparate information
could give them access to a greater diversity of perspectives. Conflicting opinions between res-
taurant-review platforms are inevitable. However, such conflicts’ influences on users’ perceptions
remain unclear, especially when the opinion of a user’s preferred platform conflicts with the
majority of others. This study’s experiment with a sample of 304 users found that, when such sit-
uations occurred, the preferred platform’s influence differed depending on whether the user was
shown a sequence of whole-platform aggregations vs. a sequence of individual reviews drawn
from multiple platforms. That is, the participants accepted the majority view most of the time, but
when looking at aggregated lists, if their preferred platform expressed a minority positive opinion
based on a high quantity of reviews, that minority opinion could prevail over the majority one.
Between-platform conflicts were also found to have a greater impact on user reactions than
within-platform ones did.

1. Introduction

As a type of electronic word of mouth (eWOM) communi-
cation, online consumer reviews have become crucial to
evaluations of the quality and performance of certain prod-
ucts and services (Chen & Xie, 2008; Filieri, 2015).
However, online reviews have been found susceptible to
active manipulation (Zannettou et al., 2019). Even where
such manipulation does not occur, consumers may be biased
toward the preferences of a particular source, including their
media preferences (Iyengar & Hahn, 2009). To mitigate the
influence of such bias, researchers have studied the potential
benefits of exposing people to diverse opinions and perspec-
tives from various information sources (e.g., Park et al.,
2009; Ribeiro et al., 2018), on the basis that information
from multiple sources is more likely to be based on inde-
pendent pools of knowledge, making it worthier of consider-
ation (Harkins & Petty, 1987). However, while integrating
diverse sources is likely to expose users to diverse perspec-
tives, such diversity naturally tends to be marked by con-
flicting opinions. In a context such as restaurant reviews,
seeing conflicting opinions may lead to confusion, and/or
cause users to conclude that such information is not helpful
to decision-making (Baek et al., 2012; Qiu et al., 2012).

While prior research on users’ perceptions of conflicting
reviews mainly focused on “within-source” reviews,
i.e., reviews from the same platform, how users perceive
conflicting opinions among different media/information

sources in mobile local searches has not yet been explored
(Fan & Chen, 2014). In particular, while people’s biases and
preferences regarding information sources have been found
to affect their acceptance of others’ opinions when they are
exposed to news from a variety of such sources, it is unclear
whether such biases and preferences also affect geo-linked
opinions, such as reviews of specific places. And, when peo-
ple are aware of the opinion of their preferred platform con-
flicts with the majority of other reviewers’ opinions, which
side will they take? To fill this research gap, the current
study aimed to capture users’ perceptions of conflicts in
multi-source review lists, with special attention to the influ-
ence of review conflicts on their (1) perceptions of these
lists’ helpfulness and (2) eventual acceptance of one conflict-
ing opinion over another.

We chose restaurant reviews as our research focus, as
they form a frequently sought category of information in
daily life (Teevan et al., 2011; Whitla, 2009; Zhang et al.,
2010). Additionally, as there are two common types of
reviews—aggregations of average ratings, and sequences
of individual reviews—we investigated users’ perceptions of
conflicts in both these types of multi-source reviews. Our
first research question is as follows:

RQ1: How does review conflict in a multi-source restaurant-
review list influence users’ a) perceptions of that list’s
helpfulness and b) intention to visit the reviewed restaurant?
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Based on our findings regarding such influence, we will
then explore how users come to accept one conflicting opin-
ion over another. Hence:

RQ2-1: When the opinion of a restaurant expressed by a user’s
preferred review platform conflicts with the majority opinion
expressed on other review platforms, a) how does such conflict
impact his/her perceptions of that list’s helpfulness, and b)
which side’s opinion does s/he tend to adopt?

Ratings lists are based on aggregations of average ratings,
and generally contain additional quantitative information.
Because prior research has shown that the quantity of
reviews influences readers’ perceptions of how persuasive
certain reviews are (De Pelsmacker & Janssens, 2007), our
experimental conditions also manipulated the quantity of
reviews. Thus,

RQ2-2: When the opinion of a restaurant expressed by a user’s
preferred review platform conflicts with the majority opinion
expressed on other review platforms, does the quantity of
reviews from the preferred source have an impact on users’ a)
perceptions of that list’s helpfulness and b) intentions to visit
the reviewed restaurant?

Finally, as previous research focused narrowly on differ-
ences of opinion among reviews from the same platform, we
investigated whether within-platform conflict had the same
influence as between-platform conflict did. Therefore,

RQ3: How do conflicts of opinion between reviews posted on
the same platform influence a) users’ perceptions of the
helpfulness of the list in which such conflicts appear, and b)
their intention to visit the reviewed restaurant?

Based on 304 individuals’ responses to our online ques-
tionnaire, we are able to report several novel findings. First,
we found that when the opinion expressed by a user’s pre-
ferred review platform conflicted with the opinions
expressed by other such platforms, the latter had a greater
impact on their visit intentions. Second, we found that in
such a situation, the influence of a user’s preferred review
platform varied in strength according to whether the reviews
were of aggregations of ratings or sequences of discrete
reviews. In the case of the former review type, the influence
of preferred-platform minority opinion could be moderated
by the quantity of reviews: i.e., a small number of reviews
on the respondent’s preferred platform did not affect the
list’s perceived helpfulness, but a large number of positive
opinions significantly increased the participants’ restaurant-
visit intentions. Lastly, reviews’ perceived helpfulness arising
from opinion conflicts were mainly associated with between-
platform rather than within-platform ones. This study may
be considered useful to the development of multi-platform
reviews by third-party e-retailers such as Tripadvisor.com
and Yelp.com.

2. Related work

People tend to process online reviews heuristically
(TODOROV et al., 2002), an approach that minimizes the
cognitive effort required to make a decision (Chen &
Chaiken, 1999; Sparks & Browning, 2011). Characteristics of
reviews that act as heuristic cues usually include their

sources, quantity, and consistency. It has been suggested, in
the case of experience products, that source credibility and
specific rating valence are both important to people’s evalua-
tions of whether reviews are helpful (Baek et al., 2012;
Filieri & McLeay, 2014).

Although people often use heuristic cues to process infor-
mation, it is suggested that they would think more deeply
when there is a conflict between reviews (Ruiz-Mafe et al.,
2018). Additionally, because consumers’ online reviews often
include ratings with open-ended comments (Park & Kim,
2008), the quality of the arguments presented in such com-
ments may also play a role in the perceived usefulness of a
product or service. According to Willemsen et al.’s (2011)
content analysis of reviews of experience and search prod-
ucts, the density and diversity of argumentation both served
as significant predictors of the perceived usefulness of
reviews. More specifically, however, consumers found
reviews more useful when they were more elaborate and
contained both pros and cons of a product. And another
study, by Cheung et al. (2012) suggested that quality of
argumentation acted as the primary factor of whether a
source is believable.

The next five subsections discuss the constructs most
relevant to multi-platform review lists, including source
credibility, variation in users’ preferences, review valence,
review consensus, and review quantity.

2.1. Source credibility

Source credibility refers to a person’s subjective evaluation of
the believability of informational sources (Rieh, 2015;
Wilson & Sherrell, 1993). It is closely linked to changes in
consumers’ attitudes (Wilson & Sherrell, 1993) and their
perceptions of whether certain information is useful (Rieh &
Danielson, 2007; Sussman & Siegal, 2003). It has also been
widely suggested that individuals’ past judgments about the
platforms on which reviews appear are often used as proxies
for the source credibility of the reviews themselves (Brown
et al., 2007; Dou et al., 2012; Rieh, 2015; Schindler &
Bickart, 2005; Senecal & Nantel, 2004; Slater & Rouner,
1996; Wathen & Burkell, 2002; Xue & Phelps, 2004).
Source-credibility assessments can also directly affect
reviews’ perceived helpfulness (Baek et al., 2012; Cheng &
Ho, 2015; Choi & Ok, 2011; Filieri et al., 2018; Li et al.,
2013; Sussman & Siegal, 2003) and consumers’ purchase
intentions ((Jimmy) Xie et al., 2011; Lee, 2009; Zhang et al.,
2014). Sources with higher perceived credibility are generally
also perceived as more persuasive (Pornpitakpan, 2004; Roy
Dholakia & Sternthal, 1977), and they are more likely to be
chosen as people’s preferred source of online opinions
(Dabholkar, 2006).

2.2. Variation in individuals’ dining preferences

When reading online reviews of restaurants, individuals
make decisions based on various source characteristics and
dining scenarios (Birnbaum & Stegner, 1979; Chang, 2011;
Rieh, 2015). Prior research has also shown that individuals’
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dining motivations affect restaurant-visit intentions. While
some consumers may choose to dine out purely for the taste
of food (i.e., intrinsic motivation), others may go to a res-
taurant for extrinsic reasons, such as being required to
attend a business meeting there (Noone & Mattila, 2010;
Ponnam & Balaji, 2014).

In addition, consumers’ dining motivations can also have
an impact on how they perceive reviews’ rating consensus
and review quantity. According to Lu et al. (2020), consum-
ers who exhibited extrinsic dining motivations were more
likely than their intrinsically motivated counterparts to pre-
fer restaurants with reviews that were consistent.
Interestingly, the same study also found that a large number
of reviews could mitigate this negative impact on the per-
ception of low-consensus reviews; but this effect was found
only among intrinsically motivated diners. It has also been
suggested that people generally prefer reviews by their peers,
perceiving them as more trustworthy and helpful than those
written by marketers, online editors, or experts (Bickart &
Schindler, 2001; Huang & Chen, 2006; Li et al., 2013; Smith
et al., 2005; Sparks et al., 2013).

2.3. Review valence

It is common to see reviews with different valences, i.e.,
positive or negative, within a product-review list. Prior
research has found that positive and negative valence differ-
entially affect people’s attitudes and expectations about a
product (Liu, 2006). According to Kanouse and Hanson
(1987), people tend to display negativity bias. That is, due to
their tendency to try to minimize risk and uncertainties,
they tend to regard negative reviews as more powerful, per-
suasive, and helpful in decision-making. This effect is espe-
cially pronounced in the case of experience products such as
restaurants (Racherla & Friske, 2012), along with skincare
products (Hao et al., 2010; Willemsen et al., 2011) and
online video games (Yang & Mai, 2010).

It has also been found that consumers tend to use review
extremity and valence to assess the trustworthiness of a
product (Filieri, 2015). However, Filieri et al. (2019) sug-
gested that extremely negative reviews are perceived as help-
ful only when they are in-depth and easy to read, and when
the reviewer is either an acknowledged expert or otherwise
identifiable on some level (e.g., his/her geographic location
is disclosed). Products’ quality may also play a moderating
role in perceptions of the helpfulness of extremely negative
ratings. In a recent study by Filieri et al. (2019) of accom-
modation reviews posted online, it was reported that
extremely negative reviews were more likely to be perceived
as helpful when a hotel had a certificate of excellence, and/
or when its average rating score was high.

Turning now to the influence of positive reviews, studies
of music, movies, video games (Pan & Zhang, 2011), hotels
(Carlson et al., 2011), and restaurants (Pentina et al., 2018)
have suggested that people perceive such reviews as more
credible and helpful than negative ones. It has also been
suggested that a review set containing mostly positive
reviews inspired more positive impressions of its reviews,

and increased consumers’ purchase intentions more, than a
majority-negative review set did (Purnawirawan et al., 2014).

2.4. Review consensus

Review consensus, i.e., the level of agreement among reviews
written on the same subject by different contributors, can
also affect users’ perceptions of all such reviews (Doh &
Hwang, 2009; Lee & Cranage, 2014). Cheung et al. (2009)
reported that people perceived a review to be more credible
if it was consistent with other reviews they had read, but
Doh and Hwang (2009) found that inclusion of one negative
review within an otherwise positive set of reviews could lead
the entire set to be perceived as more credible. According to
Quaschning et al. (2015), on the other hand, people per-
ceived a review as more helpful when the rating it gave was
consistent with those of other reviews of the same product.
And conversely, Baek et al. (2012) and Qiu et al. (2012)
found that when a list’s average rating and the rating given
by an individual were inconsistent, it tended to reduce the
perceived credibility and helpfulness of the extremely posi-
tive or negative reviews in the list. It has also been suggested
that when a set of reviews exhibits high consensus—i.e.,
most of its reviews are either positive or negative—it is per-
ceived as more useful than review sets with a more central-
ized/balanced distribution (Purnawirawan et al., 2012).

Cultural values may also play a role in how people per-
ceive review variance. Wu et al. (2021) has found a moder-
ating effect between indulgent and restrained cultures. It is
suggested that indulgent consumers are more willing to take
risks, as they tend to adopt the information with high vari-
ance reviews, while restrained consumers are more likely to
adopt as the reviews are more consistent (i.e., low variance).
Yet, in spite of the abundance of robust research on the
influences of review consistency within various domains,
there appear to have been no prior examinations of consen-
sus among reviews across multiple different platforms.

2.5. Review quantity

In prior eWOM studies, information quantity has been
found to serve as a popularity signal that affects consumers’
perceptions of a product and intentions to purchase it
(Filieri et al., 2021; Park & Lee, 2008). Review quantity,
sometimes termed “volume” (e.g., numbers of likes, numbers
of reviews per restaurant), is generally linked to the number
of consumers who have purchased a product, which in turn
can guide consumers’ heuristic evaluations of the popularity
of a product; and as such, a large quantity of reviews tends
to cause a rating to be perceived as more credible and reli-
able (Flanagin & Metzger, 2013; Zhang et al., 2010). A rating
based on a large number of reviews can also strengthen con-
sumers’ positive or negative perceptions of a product, to a
greater extent than a low number of reviews can (Khare
et al., 2011). Researchers have also found that sheer quantity
of reviews can positively impact the popularity of a product
(Liu & Park, 2015), as well as consumers’ purchasing inten-
tions (Filieri et al., 2018; Lee, 2009; Park et al., 2007; Zhang
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et al., 2010; Zhang et al., 2014). Given that prior studies
have focused exclusively on reviews posted on single plat-
forms, the current study investigated rating lists aggregated
from multiple platforms.

3. Methods

Guided by our research questions, we built a website that
collected participants’ responses to four review platforms
(Table 1). Three of them were real, whereas the platform
called Locals was imaginary. Inspired by the concept of
crowdsourcing and by some of the specific features of
LocalWiki1 and Local Guide,2 Locals simulated people shar-
ing their experiences of local restaurants. Our participants
were told that the Locals platform included reviews only
from people who lived in the areas where the reviewed res-
taurants were located, as opposed to tourists or other visi-
tors. We included five dining scenarios—eating alone, friend
gathering, dating, business dinner, and travel abroad—on the
grounds that participants might already have their own pre-
ferred review platforms for different types of din-
ing occasion.

3.1. The two general types of multi-source reviews

When seeking online information about a restaurant, web
users typically find two types of multi-source reviews: (1) an
aggregated/summarized rating, consisting of the average of
all available individual ratings; and (2) individual reviews,
each containing its own rating, often in association with
comments. Each of these types is dealt with in detail below.

3.1.1. Multi-source summarized rating lists
Our experiment’s summarized rating lists (hereafter referred
to as “SUMs”) provided average restaurant ratings drawn
from our four platforms (Figure 1), each of which included
both an average rating from all contributors to that plat-
form, and a number indicating a quantity specific to that
platform: i.e., the number of people who had written reviews
of the target restaurant on Google Maps and Locals; the
number of friends on Facebook who “Like” or have checked
in at it; and the number of news-media stories that have
been published about it.

These quantities were grouped into three levels: with high
meaning that the quantity was higher than a certain thresh-
old that led most participants to perceive the average rating
as sufficiently reliable; low, meaning that the quantity was so
small that most participants would not perceive the average
rating as credible enough to act upon it; and mid, represent-
ing all quantities not fitting into either of the other two
categories. We applied source-specific approaches to

establishing these quantities. For Google Maps and Locals,
this was done by picking quantity data from Google Maps
reviews of more than 10,000 restaurants in Los Angeles,
Chicago, and New York, but—with reference to prior
research findings (Qiu et al., 2012) that an average rating
given by more than 96 people is sufficiently representative
and credible, we set 96 as the upper threshold, and, follow-
ing Yang et al. (2016), 10 as the lower threshold. As for
Facebook and news media, we could not identify any litera-
ture on how many “Likes” or check-ins to a restaurant or
how many news reports about it would make people per-
ceive a rating as sufficiently credible. However, considering
that users could have different personal thresholds for cred-
ible numbers of such metrics on these platforms, we asked
our participants to specify their own high and low thresh-
olds (ranging from 1 to 100) for each of them, as part of a
pre-study questionnaire. Then, for each user, the SUM gen-
erated by the system began by randomly determining a
quantity as high, mid, or low, and then—according to the
upper and lower thresholds for that quantity category—ran-
domly generated a number. For example, if the system
determined that the quantity for the news-media platform in
a given SUM should be mid, and a participant reported his/
her personal low and high thresholds for credible numbers
of news-media reviews to be 3 and 20, respectively, the sys-
tem generated a number between 3 and 19 for news media
for that SUM.

3.1.2. Multi-source individual review lists
Our experiment’s individual review lists (“INDs”) comprised
reviews apparently written by individual visitors to a given
restaurant, and were ascribed to all four of our review plat-
forms (Figure 1). Each review included a star rating and a
comment. In reality, not all platforms allow users to apply a
stars-out-of-five rating plus textual comments to their evalu-
ations of restaurants. However, based on an assumption that
future INDs could easily convert users’ reviews into compar-
able units such as stars-out-of-five ratings, we used the same
general rating system for all platforms to make them more
comparable for research purposes. Additionally, to help us
identify the influence of within-platform conflicts, it should
be noted that each IND we generated presented five reviews,
but that one of the source platforms in it appeared twice,
while the other three appeared only once each.

Based on our study’s research purpose, we tried to con-
trol for the influence of textual comments. All sample com-
ments were downloaded from Google Maps, and were
associated with the original ratings given. Then, based on
the rating generated by our system, a comment associated
with that same rating in the real world was randomly paired
with it. Two prior studies (Zhang et al., 2010) found that

Table 1. Review platforms used in this study.

Platform Description

Google Maps A map-based wayfinding system incorporating business reviews
Facebook A social-media platform for friends
Locals A fictive platform used by “local people” for reviewing local businesses
News media An aggregation of real restaurant reviews published in newspapers, magazines, and news blogs
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comments about food quality and taste were the most val-
ued by readers of restaurant reviews, though comment
length has also been found to affect reviews’ perceived help-
fulness (Mudambi & Schuff, 2010). As such, our INDs
excluded comments (1) longer than two lines, (2) containing
descriptions other than of the food, and (3) whose valences
appeared inconsistent with their original numerical ratings.

3.1.3. Positive-and-negative combinations
To obtain data on how diverse combinations of review
valences and sources might differentially affect users’ percep-
tions, we generated all possible combinations of positive
and negative reviews for each list, which we termed
PN-Combinations (see Table 2). That is, each participant
was shown a series of review/rating lists, within each of
which they saw a randomly assigned PN-Combination.
Within each such combination, a level of consensus could be
readily discerned, based on the absolute value of the differ-
ence between the list’s positive and negative ratings. For
example, a SUM with a PN-Combination of 4P0N, i.e., four
positive and no negative reviews, is more consistent than
one classified as 3P1N, i.e., three positive reviews and one
negative one. The former’s consensus value is 4, while the

latter’s is 2: i.e., 3þ(�1). That is, the greater the consensus
value, the more consistent the ratings in the list were, and a
2P2N list—consisting of two positive and two negative
reviews—would have a consensus value of 0 (i.e., 2þ(�2)).
Within-platform conflict as reflected in INDs, on the other
hand, consisted of two reviews in the same list being from
the same platform, but having different valences (e.g., one
positive and one negative, both from Facebook). We bal-
anced the number of PN-Combinations for each source. In
line with prior work ( Carbon & Stanford, 2014; Park &
Nicolau, 2015; Qiu et al., 2012), we defined any rating of
four or five stars as positive, and any of three stars or lower
as negative, for both SUM and IND (see Table 3).

3.2. Study procedure

On entering the experiment website, each participant filled
out a questionnaire about his/her basic demographic infor-
mation: i.e., gender, age, education, occupation, and annual
income. All were also asked several pre-survey questions
covering how frequently they used each of the four focal
platforms for learning about restaurants, as well as for their

Figure 1. Examples of SUM (left) and IND (right).

Table 2. PN-Combinations of SUM and IND.

Summarized rating list Individual review list

Consensus ratio PN ratio Consensus level Consensus ratio PN ratio Consensus level

All the same 4P0N 4 All the same 5P0N 5
0P4N �4 0P5N �5

3:1 3P1N 2 4:1 4P1N 3
1P3N �2 1P4N �3

1:1 2P2N 0 1:1 3P2N 1
2P3N �1
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personal high and low thresholds for credible quantities of
Facebook and news-media reviews, as explained above.

3.2.1. Stage 1: Reporting platform preferences
In the first stage of the experiment, the participants were
given five dining purposes in a randomly assigned order,
told to imagine that they were seeking restaurant informa-
tion for each such purpose, and asked to choose their pre-
ferred platform for obtaining such information.

3.2.2. Stage 2: Assessing lists
In the second stage, the participants were asked to complete
two series of questions. In the first (hereafter, “stage 2-1”),
there were 25 rounds, each containing one SUM; and in the
second (“stage 2-2”), there were 60 rounds, each containing
one IND. In both stages 2-1 and 2-2, the rounds were evenly
distributed across the five dining purposes.

The list presented in each round had a specific PN-
Combination that was pre-determined and randomly
assigned to each participant. The order of the platforms was
also randomly determined, to avoid ordering effects. We
asked the participants to imagine that they saw the rating/
review list when searching for restaurants within the
assigned dining scenario. Next, they were instructed to
answer a yes/no question as to whether each rating/review
in that list was “influential” on their judgment about the res-
taurant, but told that they must not answer this question if
they felt neutral about the rating/review’s influence. Then,
they reported how helpful each four- or five-item rating/
review list was, and whether they would add the restaurant
to their “want-to-go” list (as a proxy for their
visit intention).

3.2.3. Attention-checking questions
At each stage of the questionnaire, two additional attention-
checking questions were added to identify potential
‘straightlining’ behavior (C. Zhang & Conrad, 2014). The
data generated by those participants who were thus identi-
fied as engaging in such behavior were removed from fur-
ther analysis.

3.3. Participants

We recruited participants via Amazon Mechanical Turk
(MTurk), a well-respected platform for running virtual
experiments (Horton et al., 2011; Paolacci et al., 2010). To
ensure high-quality responses, participation was limited to
MTurk members who had performed at least 1000 prior
tasks at an approval rate above 98%. Some additional eligi-
bility criteria, including having experience of using Google

Maps and Facebook to learn about restaurants, were also
listed on the recruitment page.

Initially, we recruited 340 participants, but not all of their
responses could be treated as valid, due to evidence of pos-
sible “straightlining” in 36 cases (C. Zhang & Conrad, 2014).
To maintain our data quality, we excluded those 36 individ-
uals’ responses, leaving a final sample of 304 participants
aged 21 to 60 (M¼ 34), of whom 67.7% were male and
63% had a bachelor’s degree or above. Their top three job
categories were Science & Technology (33.5%), Business
Management & Marketing (17.1%), and Finance (7.2%);
1.9% were students. Around 45% had annual incomes under
US$30,000, and 18%, above US$60,000.

3.4. Data preprocessing and analysis

The final dataset included 7600 stage 2-1 and 18,240 stage
2-2 responses. Because each participant had a number of
repeated observations that differed from each other, we built
mixed-effects logistic-regression models in which participant
ID was included as a random effect to account for individ-
ual differences. Perceived helpfulness and visit intention
were included as the two dependent variables (DVs), and
the two predictors (IVs) were the fixed effects of (1) consen-
sus level and (2) the valence of majority opinion. We also
included, as a fixed effect, a binary variable representing
whether the individual participant’s preferred review plat-
form was in the minority of opinion or not.

For examining RQ2-2 specifically, we additionally added
another fixed effect, the categorical variable quantity of the
preferred source (low, mid, high), and tested for an inter-
action effect between it and the binary variable. The purpose
of this was to facilitate our exploration of whether the influ-
ence of users’ review-platform preferences on their restaur-
ant and list perceptions changed based on review-quantity
information.

Lastly, to answer RQ3, regarding the effect of within-
platform conflict, our model included categorical variables
representing overall consensus (high/low) and whether
within-platform conflict was shown. All the IVs mentioned
above were treated as fixed effects in the models.

4. Results

4.1. Variation in platform preferences across
dining purposes

Overall, Google Maps was our participants’ most-preferred
platform for restaurant-review information. However, indi-
vidual participants’ platform preferences varied depending
on their dining purposes (Figure 2). Although the Locals
platform was imaginary, the participants seemed able to
make sense of the information it provided. Overall, it was
the second most-preferred platform, though it was less
popular when the user’s dining purpose was dating or a
gathering of friends. Facebook was preferred more often
than Locals for dating, and was the most-preferred platform
when the dining purpose was a gathering of friends. News

Table 3. Valences of rating numbers for SUM and IND.

Valence of rating numbers Summarized rating list Individual review list

Positive 4.0–5.0 4, 5
Negative 1.0–3.9 1, 2, 3
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media was the least-preferred platform for all dining pur-
poses except business dinners. This was not unexpected, as
prior research has shown that when seeking information
about experience products such as restaurants, people con-
sider reviews from their fellow consumers to be more cred-
ible than those from commercial entities, and may even
regard restaurant evaluations from news media as advertise-
ments (Bae & Lee, 2011; Goldsmith & Horowitz, 2006).
With regard to the business-dinner scenario in particular, it
is possible that the participants felt news media were more
likely than other platforms to recommend restaurants with a
formal atmosphere.

4.1.1. Level of consensus
The participants reported our multi-source review lists as
helpful 80% of the time. However, as shown in Figure 3, the
higher its consensus level was, the more helpful the

participants perceived a given rating/review list to be,
regardless of whether it was in the SUM or IND format.
Regression results showed a positive main effect of consen-
sus level on perceived helpfulness (SUM: Z¼ 4.263, p< .001;
IND: Z¼ 17.32, p< .001).

Interestingly, at the same consensus level (e.g., 2 vs. �2
in Figure 4, left), our participants perceived positive-skewing
lists as more helpful than negative-skewing ones; and this
effect was highly significant (SUM: Z¼ 10.471, p< .001;
IND: Z¼ 15.79, p< .001). This echoed prior work on single-
platform reviews (Carlson et al., 2011; Pan & Zhang, 2011;
Pentina et al., 2018).

4.1.2. Opinion conflicts between the preferred platform
and others
When seeking to answer RQ2, regarding how perceptions of
a list’s helpfulness are impacted by one’s preferred review
platform espousing a minority opinion, we only considered
circumstances in which such minority opinion was either
positive or negative (i.e., 1 P or 1N in a SUM list, and 2 P
or 2N in an IND list). That is, in an IND list containing
two reviews from the participant’s preferred platform, one
of them positive and one of them negative, the data regard-
ing that list was excluded from our opinion-conflict analysis.
As shown in Figure 5, the perceived helpfulness of lists con-
taining such conflicts was quite high. Nevertheless, we still
observed a small effect of conflict. That is, participants
tended to perceive the helpfulness of a given list as slightly
lower when their preferred platform espoused a minority
opinion (SUM: 81.19%; IND: 79.74%) than when it did not
(SUM: 83.64%; IND: 82.62%). However, this difference was
only statistically significant for IND lists (Z¼�4.94,
p< .001), not SUM ones (Z¼�1.745, p¼ .0809).

4.1.3. Quantity of ratings on the preferred platform
As illustrated in Figure 6, when we looked at the influence
of the quantity of ratings on the preferred platform

Figure 2. Variation in platform preferences by dining purpose.

Figure 3. Consensus levels’ effects on perceived helpfulness.
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(RQ2-1), we found that, as expected, overall perceived list
helpfulness was higher when such quantity was rated mid
(85.18%) or high (87.25%) than when it was low (79.88%).
Both these differences were statistically significant (low vs.
mid: Z¼ 5.353, p< .001; low vs. high: Z¼ 7.26, p< .001).
However, the difference between mid and high was only
marginal (Z¼ 1.706, p¼ .0879). This is in accordance with
prior findings that higher review quantity led users to per-
ceive ratings as more credible, and thus more helpful
(Flanagin & Metzger, 2013). Moreover, it indicates that the
influence of participants’ review-platform preferences was
generally strong enough to affect the perceived helpfulness
of the entire list.

We further looked into the effect of review quantity
when the preferred platform expressed a minority opinion.
As mentioned above, when such quantity is higher, users
generally perceive aggregated ratings as more credible; thus,
we expected that a high quantity of reviews on their

preferred platform would lead our participants to perceive
starker conflicts between that platform and the others,
resulting in lower perceived helpfulness of the lists users
were shown. Our participants indeed perceived SUM lists to
be slightly less helpful when the quantity of reviews on their
preferred platform was mid (78.79%) or high (81.89%) than
when such quantity was low (82.63%), as can be seen from
the right-hand side of Figure 6; and both these differences
were statistically significant (low vs. mid: Z¼�3.976,
p< .001; low vs. high: Z¼�4.353, p< .001). However, this
lower perceived list helpfulness seems to have had a ceiling
effect: that is, we did not observe a statistically significant
difference in perceived helpfulness between mid and high
quantity (Z¼�.344, p¼ .7307). Because the number of
reviews represented by the ‘high’ construct occupied a very
wide range (from 96 to 3703), we also checked perceived
helpfulness for quantity thresholds higher than 96. This
indicated no increase in perceived helpfulness for any quan-
tity above 400, for which it was 81.58%, in line with the

Figure 4. Effect of the valence of majority opinion on perceived helpfulness.

Figure 5. Main effects of preferred platforms’ minority-opinion status on lists’
perceived helpfulness: significant in IND, but non-significant in SUM.

Figure 6. Effects of preferred-source quantity on lists’ perceived helpfulness.
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all-quantities average. Thus, it seems that perceived helpful-
ness did not continue decreasing as review quantity
increased from medium to high; so, as long as the quantity
exceeded the threshold, this effect would probably be about
the same.

Even more interesting, from our perspective, was that—
so long as the quantity of reviews on their preferred plat-
form was low—the participants actually deemed a given list
to be significantly more helpful when that platform
expressed a minority opinion (82.63%) than when it did not
(79.88%). One explanation may be that these participants
did not think a platform with a low quantity of reviews, des-
pite being preferred, was persuasive enough to constitute a
conflicting opinion, and thus did not feel it decreased list
helpfulness. In other words, perceived list helpfulness in
cases of opinion conflict appears to be dependent on
review quantity.

4.1.4. Between-platform vs. Within-platform conflict
We next examined the influence of within-platform conflict
in IND lists on perceived list helpfulness. For this purpose,
we deemed consensus ratios of 3:2 to be low-consensus, and
4:1 and 5:0 to be high-consensus. As shown in Figure 7, per-
ceived list helpfulness was significantly higher in a high-
consensus condition than in a low-consensus one, regardless
of whether a within-platform conflict was present (High-
consensus: Within-platform conflict 87.03% vs. Platform
consistent 87.95%; Low-consensus: Within-platform conflict
78.83% vs. Platform consistent: 80.09%). However, within-
platform conflict and consistency were not associated with
any significant differences in perceived helpfulness, irre-
spective of lists’ overall consensus. This result appears to
reflect the high strength of the main effect of between-
platform conflict (Z¼�16.761, p< .001), and the lack of
any main effect of within-platform conflict, either in general

(Z¼�.389, p¼ .697) or with reference to preferred plat-
forms in particular (Z¼�.237, p¼ .813). In other words,
the main drivers of reductions in lists’ perceived helpfulness
were whichever platforms had caused overall consensus to
be low.

4.2. Influence of opinion conflicts on visit intention

4.2.1. Opinion conflicts between the preferred platform
and others
Having ascertained the participants’ perceptions of each list’s
helpfulness, we examined which opinion they accepted when
their preferred platform’s opinion conflicted with the major-
ity of other platforms’ opinions. To this end, we separately
observed the visit-intention outcomes of review situations in
which the majority of non-preferred sources were positive
vs. negative, because these two valences tend to affect such
intention in opposite directions. As shown in Figure 8,
when the majority of other platforms expressed positive
opinions, a negative opinion from the participant’s preferred
platform resulted in significantly lower visit intention: i.e.,
59.65% (vs. 83.17%) in the case of SUM lists, and 64.93%
(vs. 80.48%) in the case of IND ones. These differences were
highly statistically significant (SUM: Z¼�16.69, p< .001;
IND: Z¼�16.95, p< .001), and yet, visit intention remained
above the 50% level in all cases. Likewise, when the majority
of platforms expressed a negative opinion, the preferred
platform’s positive opinion led to considerably higher visit
intention, i.e., 56.45% (vs. 33.49%) for SUM, and 47.11%
(vs. 19.92%) for IND; and these differences were also both
highly statistically significant (SUM: Z¼ 14.177, p< .001;
IND: Z¼ 16.59, p< .001). From this, we can see that pre-
ferred-platform opinion profoundly influenced visit inten-
tion even when it conflicted with majority opinion. On the
other hand, the same results show that participants typically
agreed with platforms’ majority opinion: i.e., their preferred

Figure 7. Effects of within-platform conflict vs. overall consensus on lists’ per-
ceived helpfulness.

Figure 8. Differences in participants’ visit intentions associated with opinion
conflicts between their preferred platform and the majority of other platforms
in a list.
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platform did not change the valence of their visit intention
in three out of the four studied conflict conditions. The one
exception was when their preferred platform held the
minority positive opinion in a SUM list: a condition associ-
ated with visit intention of more than 50%. The results
reported in the next section may help explain this appar-
ent anomaly.

4.2.2. Quantity of preferred-platform reviews
When the participant’s preferred platform held the minority
negative opinion within its list (Figure 9, far left), higher
review quantity on that platform was associated with lower
restaurant-visit intentions (i.e., low: 82.66%, mid: 76.69%,
high: 67.85%). However, only the difference between high
and low quantity, not between mid and low quantity, was
statistically significant in this case (Z¼�3.127, p¼ .0017).
This finding suggests that the influence of the preferred plat-
form on visit intention operated mainly above a certain
quantity threshold. More than 50% of the time, participants
remained willing to visit particular restaurants despite their
preferred platforms’ minority negative opinions of those res-
taurants, suggesting that they primarily followed majority
opinion. However, when their preferred platform expressed
a minority positive opinion (Figure 9, second from right), a
higher quantity of preferred-source reviews was associated
with significantly higher visit intention: more than 66%
when such quantity was high, or more than double their
visit intention when it was low (i.e., 30.91%). All differences
between quantity levels were statistically significant (mid vs.
low: Z¼ 2.424, p¼ .0153; high vs. low: Z¼ 6.007, p< .001;
high vs. mid: Z¼ 4.013, p< .001). This indicates that the
influence of the preferred platform’s minority positive

opinion was strongly dependent on its review quantity being
above a certain threshold, and that when such quantity was
high, the preferred platform’s influence was strong enough
to change the valence of restaurant-visit intentions. This also
explains why, in a general case where the preferred platform
held a minority positive opinion in a SUM list, visit inten-
tion remained above 50%.

We further examined whether the pattern observed above
was specific to preferred platforms. As can be seen from
Figure 9 (second from left), visit intention primarily fol-
lowed majority opinion when any platform expressed a
minority negative opinion, irrespective of preferred-platform
status. However, as Figure 9 (far right) shows, the impact on
visit intention of a positive rating by a non-preferred minor-
ity-opinion platform was markedly less than the impact of
its preferred-platform counterpart.

4.2.3. Between-platform vs. Within-platform conflict
We only examined instances of the 3:2 consensus ratio (i.e.,
3P2N and 2P3N), because restaurant-visit intention is largely
affected by opinion valence; that is, in any review list with a
4:1 or 5:0 consensus ratio, such intention will be predomin-
antly affected by majority positive or negative opinion, mak-
ing it difficult to isolate the influence of within-platform
conflict. Figure 10 (left) illustrates participants’ visit intention
with a consensus ratio of 3:2 in a general case (i.e., regardless
of whether or not the platform that appeared twice was a
preferred one). As expected, our participants expressed a
much higher visit intention in 3P2N than in 2P3N. However,
no significant differences in visit intention, in either 3P2N or
2P3N, were associated with the twice-appearing source being
2 P vs. 1P1N vs. 2N. This suggests that participants’ visit

Figure 9. Effect of minority-opinion platforms on visit intention, by valence and review quantity.
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intention was mainly affected by the proportion of positive
vs. negative reviews in the list, as opposed to the presence of
conflicting opinions from the same platform.

Next, we examined situations in which the twice-appearing
platform was the participant’s preferred one. However, as
Figure 10 (right) shows, visit intention was again mainly
affected by the overall proportion of positive vs. negative
reviews. In short, within-platform conflicts did not affect
visit intention.

5. Discussion

5.1. Opinion conflicts between the preferred platform
and others

When the consensus restaurant opinion expressed by a par-
ticipant’s preferred platform conflicted with those of the
majority of other platforms in the same list, there were two
general outcomes: (1) the list was perceived as less helpful,
and (2) the majority opinion was adopted. This result is
encouraging, as it suggests that the strength of media bias in
the sphere of experience-product reviews is not as strong as
it can be in news reading (An et al., 2013; Stroud, 2011),
where users are highly selective about the media they trust.
These results highlight the considerable utility of exposing
users to multi-platform lists of experience-product ratings
and/or reviews, insofar as people are not persuaded solely
by the platforms they already prefer when it comes to
experience-product purchasing intentions. However, this is
not to say that media bias does not exist in such scenarios.
Indeed, the platforms on which our participants preferred to
search for restaurant information still mattered to their visit
intentions. For instance, when there was an obvious conflict
of opinion about a given restaurant between a preferred
platform and others, the preferred platform’s positive (nega-
tive) opinion increased (decreased) the participants’ overall
willingness to visit it. In addition, the participants some-
times perceived a list as less helpful when such conflicts of
opinion were present in it. Nevertheless, such differences in

lists’ perceived helpfulness were fairly small, because the
participants took all platforms’ opinions into account.

5.2. Moderating effect of preferred-platform
review quantity

However, there were two main exceptions to these general
outcomes, both of which were related to preferred-platform
review quantity. The first was that a review list’s perceived
helpfulness was not damaged by the presence of conflicting
opinions, provided that the participants’ preferred platforms’
review quantity was low. One prior study (Flanagin &
Metzger, 2013) indicated that such quantity can act as a
warrant, such that people generally perceive summarized or
aggregated ratings based on high review quantities as more
credible and reliable than those based on low ones. This
could help explain why our participants did not find their
preferred platforms’ outlier opinions reliable: i.e., they did
not see conflicts of opinion as genuine when their preferred
platform’s consensus opinion appeared to be endorsed by
only a few people. As review quantity increased, however,
the perceived persuasiveness of the preferred platform’s
opinion increased, making such conflicts more noteworthy.
This, in turn, heightened perceptions of a genuine conflict
between two opinions, and thus reduced the list’s perceived
helpfulness.

The other main exception was the particularly strong
impact of a preferred platform’s consensus restaurant opin-
ion when the quantity of reviews it was based upon was
high: to the point that two-thirds of the time, participants
simply adopted the opinions of their preferred platforms.
However, this strong influence was not observed when the
preferred platform expressed a minority negative opinion.
Prior research has suggested that individuals tend to be
more susceptible to the influence of negative reviews than
positive ones (Purnawirawan et al., 2014). However, our
findings indicate that when using a multi-platform summar-
ized rating list, people may be particularly susceptible to a

Figure 10. Effect on visit intention of all platforms to appear twice within a list (left) vs. preferred platforms that appeared twice (right).
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positive consensus opinion based on a high quantity of
reviews and emanating from a preferred source. In light of
this dynamic, it is not particularly surprising that we did
not observe such a strong influence of preferred platforms
in IND lists, in which the preferred platform’s minority
positive opinion—which was not underwritten by quantity
metrics, or endorsed by anyone other than its individual
writer—never resulted in visit intentions above 50%.
Together, these results indicate that, in SUM lists, the influ-
ence of preferred-platform minority opinion could be mod-
erated by review quantity. That is, having a low quantity of
reviews from the preferred platform did not lower such lists’
perceived helpfulness, but if the quantity on which that plat-
form’s positive opinion was based was high, participants’
restaurant-visit intention was significantly high.

Importantly, reviews in IND lists were not associated
with quantity information, and thus, each could only repre-
sent one person’s opinion, making their reliability and cred-
ibility questionable, especially when in conflict with reviews
from the list’s other platforms. Because quantity information
served as an important basis both for individuals’ percep-
tions of list helpfulness and their visit intentions, the choice
of an IND vs. SUM list format sometimes led to differential
user outcomes, despite the various platforms’ consensus
opinions being the same.

5.3. Between-platform vs. Within-platform conflict

Prior research on the influence of review consensus within a
single review platform (e.g., Baek et al., 2012; Qiu et al.,
2012; Quaschning et al., 2015), indicated that the perceived
helpfulness of reviews of a product is lower if they conflict
with majority opinion. In the case of review lists combining
opinions from multiple platforms, we likewise found that
the higher the consensus level within a list was, the more
helpful people perceived that list to be. We expected that
within-platform conflict would reduce such perceived help-
fulness, but in fact found that perceptions of a multi-
platform list as unhelpful were mainly driven by conflicts of
opinion between its different platforms.

Conceivably, within-platform conflict still had some influ-
ence, which was masked reviews from multiple platforms
were shown—perhaps because the participants mainly
focused on consensus levels among disparate review plat-
forms when making their restaurant-visit judgments.
Therefore, in a multi-platform review list, the opinion of
every platform counts.

5.4. Design implications

The findings of this study have some important design
implications for future services offering multi-platform
review lists. For one, they imply that each opinion in such
lists counts, because users perceive each list as a whole and
take account of its majority opinion when making purchase
decisions. The slightly lower perceived helpfulness of such
lists when they contain conflicts of opinion can probably be
counterbalanced by the benefits of presenting reviews from

diverse perspectives. Thus, we recommend that developers
include reviews from multiple platforms, and that they not
filter review lists simply to avoid the presentation of con-
flicting opinions. Indeed, the presence of such conflicts may
tend to allay users’ concerns that such lists have been
subjected to commercial manipulation.

Based on our results, we believe that multi-platform
review-list services could foster a more competitive
atmosphere that encourages all platforms to provide more
professional, higher-quality information. Because conflicts of
opinion between different platforms are unavoidable, and
because every source matters in a multi-sourced list, we rec-
ommend that such services favor sources with high influ-
ence, good reputation, and strong credibility, to (1) provide
their users with reviews perceived as having strong authenti-
city and value, and (2) themselves become more resistant to
malicious tampering.

Additionally, to balance the influence and fairness of
review sources and encourage lesser-known, yet professional
sources, such services should consider giving preferential
weights to relatively small-scale sources, as this would
enhance both the selectivity and diversity of the reviews
they host. Such weightings could be adjusted rapidly accord-
ing to users’ credibility perceptions, recognition, and usage
rates of each, to avoid a few well-known sources becom-
ing dominant.

Lastly, each web user tends to have an established prefer-
ence when it comes to sourcing review information, and
his/her impression of an experience product may be pro-
foundly influenced by a preferred platform’s consensus opin-
ion, especially when that consensus is based on a high
quantity of discrete reviews or ratings. Thus, we recommend
that future services hosting multi-platform review lists ascer-
tain each user’s preferred platform, through his/her past
usage behaviors and/or direct questioning, and then identify
whether s/he is mainly influenced by that platform or by
majority opinion, as measured by actual restaurant-visit
check-ins. And, given that our participants were likely to
prefer different platforms depending on their assigned din-
ing purposes, such list services should also include more
comprehensive arrays of dining scenarios, and ask their
users about scenario-dependent variation in their preferred
review platforms.

5.5. Limitations and directions for future work

This study is subject to a number of limitations. First, its
survey data is not internationally representative, since
MTurk members only come from certain countries (Difallah
et al., 2018). Additionally, existing restaurant-review plat-
forms can be quite country-specific, e.g., Yelp in the U.S.,
TheFork in Europe, Dianping in China, etc.; but no such
platforms were included in our study, due to the partici-
pants’ likely unfamiliarity with some of them. Thus, our
study’s outcomes might have been different if it had
included some of these specialized restaurant platforms, and
future researchers should consider doing so. We also chose
a single category of experience product, i.e., restaurants, so
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whether our results are applicable to other categories of
such products (e.g., movies and hotels) will require further
investigation.

In terms of our experimental stimuli, in both SUM and
IND lists, we did not provide photos with reviews to avoid
the influence of photo content, which was not the main
focus of this study. In real life, however, people making
decisions about restaurants are likely to browse photos of its
dining environment and/or food.

Also, our IND lists only showed participants five reviews
at a time, whereas in real life, people can view many more;
and, because only one platform ever appeared twice in a
given list, there was only one possible type of within-
platform conflict, i.e., 1P1N. Thus, our results might have
differed if 2P1N, 2N1P, or even more variants of within-
platform conflict had been provided. And, because we
attempted to control the influence of textual comments
within each individual review, the comments used in the
experiment were not fully representative of real-life situa-
tions. Given that machine-learning-based sentiment analysis
(or “opinion mining”) has long been applied to analysis of
people’s textual reviews (Feldman, 2013), it has been sug-
gested that an efficient classification scheme could be a
powerful tool for evaluating and predicting the performance
of certain products or services, e.g., educational platforms,
teaching, and restaurants (Gan et al., 2017; Onan, 2020,
2021; Zahoor et al., 2020). As such, we recommend that
future researchers create a more ecologically valid platform
and look into the impact of free-form comments on viewers
of multi-platform review lists.

Looking beyond experimental stimuli, our study sought
to minimize the ordering effect of sources by randomly
determining ratings/reviews’ order each time they were pre-
sented to the participants. However, this does not mean that
such order had no impact at all. And last but not least, we
analyzed perceived helpfulness and visit intention based on
the participants’ responses to the list as a whole, and did
not consider their separate reactions to each list item.
Future research should therefore do so.

6. Conclusion

This study is believed to be the first to investigate multi-
platform review lists’ influence on their users’ perceptions of
restaurants: a category of experience products about which
information is very commonly sought via mobile local
searches (Teevan et al., 2011). Our research has yielded
some novel findings. First, when the opinion expressed by
his/her preferred review platform conflicted with the major-
ity opinion of the other platforms in a list, the user typically
adopted the list’s majority opinion, though the preferred
platform’s viewpoint still influenced his/her visit intentions.
Interestingly, in such situations, the influence of the pre-
ferred platform differed across our two types of lists, i.e.,
INDs (individual review lists) and SUMs (summarized lists),
because in the former, each review represented only one
person’s opinion, whereas the latter incorporated informa-
tion on how many users had contributed to the average/

consensus rating. Provided that such user contributions in
SUMs were above a certain quantity threshold, the preferred
platform was particularly influential on our participants’ res-
taurant-visit intentions. On the other hand, when the quan-
tity of user ratings that fed into the consensus opinion of a
person’s preferred platform was too low to be persuasive,
conflicts of opinion between that platform and the others in
a list were not influential enough to lower his/her percep-
tions of that list’s helpfulness. In addition, low perceived list
helpfulness could mainly be ascribed to the conflicts
between platforms, while within-platform conflict in IND
lists had little impact.

These results imply that presenting multi-platform lists of
restaurant-review information is a promising approach for
practitioners, insofar as web users do not simply adopt the
opinions of the platforms they prefer. Although we found
that within-list opinion conflicts did result in lower per-
ceived list helpfulness, as compared to when such conflicts
were absent or weak, the perceived helpfulness of our lists
was generally high. Through this study, we have gained a
preliminary understanding of how web users perceive multi-
platform review lists when making restaurant-visit decisions.
On that basis, we have offered a number of recommenda-
tions to developers of future multi-platform review-list serv-
ices, in the hope that such services will take account of their
users’ individual preferences and behaviors, thus not only
enhancing user experience, but also helping people select
restaurants more efficiently.

Notes

1. https://en.wikipedia.org/wiki/LocalWiki.
2. https://maps.google.com/localguides/home
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