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Abstract

In the era of big data, hotel booking platforms are inundated with an overwhelming volume of
consumer reviews, which hinders review users from identifying valuable reviews. This study
examines how review tags—a simple yet powerful heuristic—highlight valuable reviews and
influence potential consumers and hotel managers. Using a dataset of 190,959 consumer
reviews, we find that tagged reviews are more likely to be exerted more posting effort and
receive more attention from review users. However, these relationships follow an inverted U
curve, which suggests that the overuse of tags may counteract the intended benefits. We extend
the theory of planned behavior by showing tags shape reviewers’ posting effort via attitudes
and subjective norms, while dual-process theory reveals the heuristic role of tags for review
users. Our findings provide insights for platforms to improve review systems and offer

reviewers strategic ways to enhance their review’s impact.
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1. Introduction

In the era of big data, the hospitality industry has become increasingly competitive and
consumer-driven, with consumer reviews playing a pivotal role in potential consumers’
decision-making and hotels’ reputation management (Proserpio and Zervas, 2017; Roozen and
Raedts, 2018). Hotel booking platforms, as a cornerstone of this digital transformation, have
experienced an extraordinary increase in the volume of consumer reviews (Alaei et al., 2019;
Peng et al., 2024). Although indicative of increasing consumer engagement, this growth has a
downside, that is, the explosion of low-quality reviews, which diminishes the power and value
of high-quality ones (Du et al., 2019). This dilution effect adversely influences the dynamic
interaction among reviewers, potential consumers, and hotel managers on hotel booking
platforms. As key participants in this interaction, reviewers invest time and effort in composing
well-crafted reviews to seek recognition from potential consumers and feedback from hotel
managers (Liu et al., 2019; Xu et al., 2020). However, the information overload caused by
overwhelming volume of reviews obscures these contributions (Bang and Jang, 2024).
Consequently, both potential consumers—who rely on reviews to make informed booking
decisions (Leung, 2021)—and hotel managers—who use them to improve customer
satisfaction and online reputation (Tathagata and Amar, 2018; Wu et al., 2023)—face

significant challenges in efficiently identifying valuable reviews from the noise.

Addressing this issue requires a strategic approach for identifying and highlighting valuable
reviews. A key indicator of review value lies in reviewers’ posting effort, which encompasses
the effort in crafting textual and visual content of a review (Liu et al., 2019). Empirical evidence
confirms that contributions in both text and photo dimensions significantly correlate with
review helpfulness (Zheng et al., 2023). To identify these valuable reviews, one promising
approach is the use of heuristic cues, which have been shown to influence consumer behavior
in related studies (e.g., Zhang et al., 2024a). Rooted in dual-process theory, heuristic cues are
decision-making shortcuts based on experience and intuition, enabling individuals to make
swift judgments (Wason and Evans, 1974). Within consumer reviews, review users tend to use
heuristic cues to simplify information processing (Park and Nicolau, 2015), such as using “like”
votes as indicators of review usefulness to identify valuable reviews (Meek et al., 2021). In this
context, tags embedded within consumer reviews may also serve as heuristic cues for review

users to discern valuable reviews.



Tags, typically composed of concise words or short phrases, are often used to summarize the
content of consumer reviews and highlight product attributes. For instance, Konjengbam et al.
(2020) revealed that platforms summarizing reviews with informative and easily readable tags
can facilitate decision-making for potential consumers, and Ma et al. (2022) explored how
providing detailed product information through specific attribute tags can boost sales for
businesses. Previous literature on tags has predominantly focused on the impact of platform-
and business-generated tags on consumer decisions and sales, with little attention paid to the
influence of tags uploaded by reviewers on review users, including potential consumers and
managers. In addition, these studies mainly focused on the online retailing platforms, with
limited extension to hotel booking platforms. Furthermore, while the impact of heuristic cues
in reviews on potential consumers has been well-studied, there remains a research gap

regarding their influence on the responding behavior of hotel managers.

In theory, tags embedded in reviews can serve as a powerful heuristic cue, thus assisting
potential consumers and hotel managers in identifying reviews with more posting effort (i.e.
the effort reviewer invested in posting reviews, such as uploading more text and photos) and
capture their attention on the review against information overload. First, according to theory of
planned behavior (Ajzen, 1991), reviewers who exert additional effort in selecting tags when
posting reviews tend to have a positive attitude toward writing valuable reviews, thereby
increasing their intention to exert more posting effort to generate high-quality reviews. Second,
from the perspective of dual-process theory (Wason and Evans, 1974), tags act as heuristic cues
that trigger heuristic processing, which allows potential consumers and hotel managers to
quickly assess the value of a review with minimal cognitive effort. In this case, review users
are more likely to pay attention to reviews with tags to obtain useful information when facing
excessive reviews. Therefore, this study aims to address two research questions: i) Do tags
serve as an indicator for identifying valuable reviews with more posting effort? ii) Do tags

attract the attention of review users?

To address these research questions, we performed an empirical analysis on 190,939 reviews
collected from Qunar.com. Specifically, we used OLS and logistic regressions to analyze how
tag usage relates to posting effort and its effect on the attention of potential consumers and

hotel managers. We also incorporated quadratic terms in these regressions to explore the



potential nonlinear relationships between tag numbers and posting effort, as well as review
users’ attention. This study fills the gap in the literature by exploring how tags uploaded by
reviewers influences potential consumers’ review adoption and hotel managers’ responding
behavior. It also extends the understanding of how heuristic cues affect the attention of potential
consumers and hotel managers. Furthermore, this study underscores the importance of tags and

provides practical implications for hotel booking platforms and hotel managers.

2. Literature review

2.1. Tags and heuristic cues on review platforms

A prevalent application of tags in review systems is to summarize consumer reviews. Research
has indicated that using informative and readable tags to summarize reviews can significantly
enhance consumers’ decision-making efficiency (Konjengbam et al., 2020), and this
summarization function further improves the evaluation of popular products (Bao et al., 2021).
Additionally, tagging products with attributes and categories is a common practice. Ma et al.
(2022) discovered that attribute-specific tags can boost sales by providing detailed product
information, while Sepehri et al. (2022) noted that although the use of category tags by online
retailers increases product visibility, it may negatively impact perceived quality. Moreover,
existing studies have examined the significance of tags linked to reviewer characteristics. For
instance, Liu et al. (2025) found that the “Verified Purchase” tag, which platforms use to
indicate purchase history, enhances the credibility of reviews. Despite the extensive research
on tags generated by the platform and businesses, there is a notable gap in the study of tags

uploaded by consumers.

The tags embedded in reviews uploaded by consumers can serve as a heuristic cue. Heuristic
cues can reduce cognitive effort by providing shortcuts for information processing, thus
becoming increasingly important for consumers to search information and make purchase
decisions when facing information overload (Park and Nicolau, 2015). The use of these cues
aligns with the “cognitive miser” principle, which posits that people tend to conserve cognitive
effort in their decision making (Fiske and Taylor, 1991). By simplifying information processing,
heuristic cues make useful information more accessible against information overload, thus

facilitating consumers’ purchase decision making (Hu et al., 2014).



In the case of consumer reviews, heuristic cues can be categorized into two types: one related
to the review, and the other related to the reputation of reviewers and businesses. As a typical
review-related heuristic cue, “likes” (which indicate consumers’ perception of review
helpfulness) help potential consumers identify helpful reviews against an information overload
(Meek et al., 2021). In addition to “likes” or helpfulness votes, review valence may also affect
consumers’ purchase decision making. Zhang et al. (2024a) found that the valence of easy-to-
retrieve reviews, which can lead to consumers’ heuristic processing, significantly affects these
consumers’ purchase behavior. Other studies have also investigated the impact of reputation-
related heuristic cues on consumers’ purchase behavior. Reviewer experience, which is a
heuristic cue related to reviewers’ reputation, can help consumers easily obtain information
about a source’s credibility, therefore affecting their purchase decision making (Zhang et al.,
2014; Petrescu et al., 2024). The heuristic cues related to business reputation, such as the
recommendation percentage of a hotel, can also stimulate consumers’ heuristic processing and

influence their purchase intentions (Book et al., 2018).

2.2. Posting effort

Posting effort refers to the effort that a reviewer exerts when posting a review (e.g., the effort
in writing the review text, uploading photos, and giving ratings) and plays a critical role in
consumer reviews. On the one hand, the posting effort perceived by potential consumers affects
their review adoption. Grewal and Stephen (2019) found that potential consumers perceive
mobile reviews as taking more effort to craft, and this increased exertion makes them view
such reviews as more reliable. On the other hand, products of posting effort, such as review
texts and photos, can help potential consumers obtain useful information and make smart

purchase decisions (Eslami et al., 2018; Leung, 2021; Li et al., 2023a).

Recognizing its importance, previous studies have examined how reviewers can be encouraged
to exert additional posting effort. The awards and incentives offered by platforms are important
factors that affect posting effort. Cai et al. (2024) found that providing reputation awards
motivates reviewers to exert additional effort in posting photos. However, rewards may not
always encourage posting effort. Liu et al. (2024) noted that rewarding reviewers who post

reviews with a certain number of characters leads to effort management, where reviewers save



their posting effort upon achieving the target. The activities of businesses also influence posting
effort. For example, online retailers often offer rebates to encourage consumers to write reviews
and exert additional posting effort (Yang and Dong, 2018), the managerial responses provided
by hotel managers can induce reviewers to exert additional posting effort in their subsequent
reviews (Xu et al., 2020), and the review manipulation conducted by businesses can also

encourage reviewers to increase their posting effort (Li et al., 2020).

Other factors may also positively or negatively affect posting effort. Fang et al. (2019)
investigated the relationship between weather conditions and posting effort and found that
reviewers will exert less posting effort if they experience high air pollution. The high review
volume on online platforms and the consumers’ awareness of discrepancy in ratings can also
discourage reviewers from exerting additional posting effort (Rohde et al., 2022). Public health
emergencies (e.g., the COVID-19 pandemic) may also negatively affect posting effort (Zhang
et al., 2024b).

2.3. The attention of review users

In the information era, the volume of online reviews has grown exponentially. This surge has
created a dual dynamic: reviewers strive to capture the attention of review users to enhance
their reputation (Shen et al., 2015), while review users, faced with information overload,
prioritize their limited attention on high-quality reviews to make informed decisions (Xu et al.,
2022). Therefore, previous literature has concentrated on identifying the factors that attract
review users’ attention in the context of consumer reviews. Research has indicated that while
textual content can draw attention (Maslowska et al., 2020), visual information captures
consumers’ attention more effectively at the expense of their attention on text (Bigne et al.,
2020; Li et al., 2023b). Additionally, specific review features such as valence and information
richness significantly influence attention allocation. For instance, Chen et al. (2022) found that
consumers tend to pay more attention to negative reviews than positive ones, while Yin et al.
(2021) demonstrated that the richness of reviews, serving as heuristic cues, can effectively
capture consumer attention and subsequently boost product sales. Further studies have explored
additional factors that impact review users’ attention, including reviewer characteristics
(Maslowska et al., 2020), brand familiarity (Feng et al., 2022), and product type (Jin et al.,
2023).



3. Theory and hypothesis development

3.1. Theory of planned behavior and posting effort

Extensive studies have explored how to encourage posting effort from the perspective of
reviewers (e.g., Cai et al., 2024), however, rare has focused on identifying these valuable
reviews from the perspective of review users. Review users typically evaluate review quality
based on information related to reviews and reviewers, such as like votes for perceived
helpfulness (Meek et al., 2021) and reviewer experience for reliability (Petrescu et al., 2024).
As a kind of review-related information, tags—which require additional effort from
reviewers—may serve as a potential indicator of their willingness to produce valuable reviews.
In this context, theory of planned behavior (Ajzen, 1991), which has been widely applied in
prior research to examine factors influencing behavioral intentions of posting reviews (e.g.,
Picazo-Vela et al.,, 2010; Fu et al.,, 2015), provides a comprehensive framework for

understanding the relationship between tags and the intention to exert posting effort.

Highly relevant to the posting effort of consumers are the three elements of theory of planned
behavior, which posits that individuals’ intention to perform a specific behavior depends on the
following. 1) Attitude, which generally refers to an individual’s overall assessment of a behavior.
A positive attitude in the context of writing reviews, such as perceiving it as a helpful or
influential action, likely increases one’s intention to post a review and exert posting effort. ii)
Subjective norms, which encompass the perceived social pressure or influence surrounding a
behavior, such as perceived expectations, opinions, and approval of reference groups. If
individuals believe that posting online reviews is expected or valued by others, then they may
feel more compelled to engage in such behavior and exert effort in doing so. iii) Perceived
behavioral control, which refers to the perceived ability to perform a behavior. In the case of
posting online reviews, perceived behavioral control relates to the individual’s belief in his/her

capability to write a review, which comprises several factors, such as knowledge about the



product/service being reviewed and the availability of time and resources. If individuals
perceive that they have sufficient control over the behavior and the necessary resources, then

they are more likely to post a review.

According to theory of planned behavior, the use of tags can be viewed as a positive attitude
toward posting reviews because reviewers need to exert extra effort in selecting tags. Given
that a positive attitude can improve individuals’ intention and affect their subsequent behaviors,
reviewers using tags may intend to post well-crafted reviews that require additional posting
effort. Although the use of tags can reflect reviewers’ intention to exert posting effort, the
number of tags is not always proportional to their posting effort. From the perspective of
subjective norms, reviewers may perceive that the tags have provided sufficient information
for review users when using excessive tags, thereby reducing their intention to exert additional
effort in crafting reviews. Therefore, the marginal posting effort exerted by reviewers gradually
decreases as the number of tags used increases, that is, the relationship between the number of

tags used and posting effort follows an inverted U curve. We thus hypothesize the following:

Hla: Reviews with tags are more likely to be exerted more posting effort by reviewers.

H1b: The relationship between posting effort and number of tags follows an inverted U curve.

3.2. Dual-process theory and limited attention

Attention is a scarce resource (Kahneman, 1973), and allocating attention to all aspects of
information in the context of information overload can be difficult. When facing excessive
reviews, potential consumers may be unable to gain useful information to reduce their
uncertainty in the case of limited attention (Xu et al., 2022). Therefore, they tend to simplify
the amount of information by seeking heuristic cues (Park and Nicolau, 2015). Heuristic cue is
a concept from dual-process theory (Wason and Evans, 1974) that defines two ways through
which people process information during their decision-making process, namely, heuristic
processing and systematic processing. Compared with the highly analytical nature of
information content in systematic processing, heuristic processing can quickly process
information through simple heuristic cues, thereby saving individuals’ cognitive effort. In the
case of online reviews, prior literature has revealed heuristic cues’ function in capturing

potential consumers’ attention (e.g., Yin et al., 2021). Tags serve as heuristic cues that can



stimulate potential consumers’ heuristic processing and reduce the cognitive effort that they
need to exert to obtain information. Consequently, these consumers tend to pay attention to
those reviews with tags to save their cognitive effort. Although tags may attract potential
consumers toward a certain review, using too many tags may also negatively affect the ability
of a review to attract potential consumers’ attention. The information provided by excessive
tags may also stimulate potential consumers’ systematic processing, thereby demanding extra
cognitive effort to digest the information. In this situation, potential consumers tend to allocate
their limited attention to those reviews with a moderate number of tags to save their cognitive
effort. Therefore, the marginal effect of number of tags on attracting potential consumers’
attention gradually decreases, that is, its effect follows an inverted U curve. We thus

hypothesize the following:

H2a: Tags can attract the attention of potential consumers toward a review.
H2b: The effect of number of tags on potential consumers’ attention follows an inverted U

curve.

Tags also attract the attention of hotel managers, which often craft managerial responses to
reviews to improve customer satisfaction and maintain their online reputation (Tathagata and
Amar, 2018; Sheng et al., 2019; Wu et al., 2023). Given that the linguistic features of
managerial responses affect consumer behavior and reputation maintenance (Roozen and
Raedts, 2018; Xu and Zhao, 2022), hotel managers should exert cognitive effort in
understanding reviews and writing effective managerial responses. In this case, tags
(functioning as heuristic cues) can save the cognitive effort of hotel managers and attract their
attention. However, an excessive number of tags may also increase the cognitive effort of hotel
managers, leading them to focus on those reviews with a moderate number of tags that require

an acceptable level of cognitive effort. We thus hypothesize the following:

H3a: Tags can attract the attention of hotel managers toward a review.

H3b: The effect of number of tags on hotel managers’ attention follows an inverted U curve.

Figure 1 presents the research framework.
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Figure 1. Research framework.

4. Data and methodology

4.1. Data and variables

To investigate the value of the tag system, we collected data from Qunar.com, which adopts
the tag system of its mobile client to offer reviewers with an option to choose the tags provided
by the system when posting reviews. Specifically, this tag system automatically generates
positive and negative tags when reviewers post itemized ratings. As Figures 2-3 show, if a
reviewer rates “service” a score of 5, then positive tags, such as “Excellent service” and “Nice
reception,” are generated. If a reviewer rates “service” a score of 2, then negative tags, such as
“Poor service of staff” and “Poor service of manager,” are generated. Other tags related to
cleanliness, quietness, and safety are also generated when reviewers rate these itemized ratings.
Figure 4 shows how a consumer review is displayed on Qunar.com (tags are presented between

the overall rating and review content).

Overall rating | Bk FEEHE

Cleanliness | 4

Service | 8

T » Excellent service
agsﬁ—{ B3 19RI5F man
Nice reception

Quietness | BE

Safety [gg L oL oL ELox l

Figure 2. Examples of positive tags.
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Figure 3. Examples of negative tags.
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Overall rating
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Figure 4. Review display page.

We developed a web crawler program to collect the review data. First, we searched for three-
to five-star hotels in Beijing listed on Qunar.com and obtained a list of 2,487 hotels. We only
used sample of three- to five-star hotels as a large number of other hotels listed on Qunar.com
are actually home sharing. Second, we obtained detailed information and reviews for these
hotels posted between June 2021 and May 2023. Third, as the tag system is only adopted in the
mobile client, we retained reviews only from the mobile client to mitigate the impact of client
differences on our empirical analysis. After removing the non-Chinese reviews, as well as those
with missing data or duplicate entries, we finally obtained a dataset comprising 190,959

reviews for 2,487 hotels.

We employed the crawler on Qunar.com’s web client, and collected review data in the detailed
information interface of each review, which enables us to obtain detailed information such as
read number and review source. Figure 5 shows an example of reviews on the web client. Tags
are displayed separately in the format of “# + tag” below itemized ratings, thus we calculated
the number of tags by counting the combinations in this format. In addition to tags, we obtained
overall and itemized ratings, review texts and photos, the date of reviewing and accommodation,
review source, read numbers, usefulness votes, and whether the review was anonymously

posted (based on the display of reviewers’ name).
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Figure 5. The detailed information interface of a review.

We treated the use of tags and number of tags as our independent variables and the reviewers’
posting effort and the attention of potential consumers and hotel managers as our dependent
variables. For the independent variables, we used 7ag (a dummy variable that equals 1 if the
review is posted with tags) to measure the use of tags, and we utilized 7ag num (the number
of tags uploaded with the review) to measure the number of tags. As for the dependent variables,
we used the number of text words (7ext _num) and photos (Pho_num) in the review as a proxy
of the reviewers’ posting effort, and we utilized Read num (page views of each consumer
review) and Response (a dummy variable that equals 1 if the review has received a managerial
response) to measure the attention of potential consumers and hotel managers, respectively. We
also controlled for a series of control variables in our empirical analysis, including Rating (the
overall rating of the review) and Name (a dummy variable that equals 0 if the review is posted

anonymously). Table 1 presents the descriptions of main variables.

Table 1. Descriptions of the variables.

Category Variable Description
. Tag A.dummy variable that equalg 1 if the review is posted
Independent variable with tags, and equals 0 otherwise.
Tag_num The number of tags uploaded with a review.
Text_num The word number of review text.
Pho_num The number of photos.
Dependent variable Read_num The number of page views for a review
Response A dummy yariable that equals 1 if the review has received
a managerial response.
Rating The overall rating of a review.
Control variable Name A dummy variable that equals 0 if the review is posted

anonymously, and equals 1 otherwise.
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4.2. Summary statistics

Table 2 presents the summary statistics of our main variables. Text_num ranges from 0 to 1,995
with an average of 32.8024 words, while Pho_num ranges from 0 to 20 with an average of
0.3407. The highest and lowest numbers of Read num are 1,115 and 0, with an average of
8.9449 times. As indicated by the mean values of Response and Tag, 59.66% of the consumer
reviews have received a managerial response, while 21.45% are posted with tags. These
reviews also have 0.6389 tags on average with an average Rating of 4.7775, and 16.85% of
these reviews are anonymously posted. Given the importance of number of tags, we also report
the distribution of 7ag num in Table 3. Specifically, the number of tags is mainly concentrated

in 0 (78.55% of the whole sample), 1 (5.37% of the whole sample), and 2 (8.53% of the whole

sample), and 7.55% of the samples have 3 to 8 tags.

Table 2. Summary statistics.

Variables Obs. Mean S.D. Min. Max.
Text num 190,939 32.8024 55.8147 0 1,995
Pho_num 190,939 0.3407 1.1614 0 20
Read num 190,939 8.9449 10.9690 0 1,115
Response 190,939 0.5966 0.4906 0 1
Tag 190,939 0.2145 0.4104 0 1
Tag num 190,939 0.6389 1.5889 0 8
Rating 190,939 4.7775 0.7796 1 5
Name 190,939 0.8315 0.3743 0 1
Table 3. The distribution of Tag num.
Tag num Freq. Percent Cum.

0 149,992 78.55% 78.55%

1 10,257 5.37% 83.92%

2 16,278 8.53% 92.45%

3 2,216 1.16% 93.61%

4 3,827 2.00% 95.62%

5 1,713 0.90% 96.51%

6 1,730 0.91% 97.42%

7 1,129 0.59% 98.01%

8 3,797 1.99% 100.00%

4.3. Econometric models

First, we built four econometric models (Models 1-4) to explore the relationship between the
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use of tags and reviewers’ posting effort (Hla and H1b). Given the continuous nature of the
dependent variables Text num and Pho num, ordinary least squares (OLS) regression was
employed for Models (1-4). To test Hla, Models 1-2 used 7ag as the independent variable,
while Models (3—4) adopted Tag num and its quadratic term, Tag num?, to capture non-linear
relationships, following established practices in behavioral economics where marginal effects
may diminish. In Models (1-4), the inclusion of Name and Rating as controls addresses
potential biases caused by review manipulation (Wu and Qiu, 2023), while hotel and year-
month fixed effects mitigate confounding from time-invariant hotel characteristics and
temporal trends. In these models, izj denotes the j-th review for hotel i on time ¢, y; and J;

represent the hotel and year-month fixed effects, respectively, and €;;; is the error term.

Text_num;;; = Bo + BlTagitj + BzRatingitj + ﬁ3Nameitj +y,+6; + Eitj (1)
Pho_num;; = By + B1Tag;:j + B.Rating;:; + BsName;; + y; + 6; + & ()
Text_num;; = Bo + [y’lTag_numiztj + p.Tag_num;; + PsRating;.; +

BaNameyj +y; + 6 + €y 3)
Pho_num;; = By + ﬁlTag_numiztj + p,Tag_num;; + fsRating;:; +

BaName;; +y; + 6; + &t 4)

Second, for analyzing tag effects on consumers’ attention (H2a and H2b), we maintained the
OLS framework in Models (5-6) due to the continuous dependent variable Read num. In
Model (5), we used 7ag as the independent variable and Read num as the dependent variable
to test H2a. We used 7ext num and Pho num as control variables in Model (5), and we
controlled for Name, Rating, and hotel and year-month fixed effects as in Models (1-4). We
also utilized Model (6) to test whether consumers’ attention responds non-linearly to tag
quantity (H2b) by using Tag num? and Tag num as the independent variables. In Model (6),
we controlled for Text num, Pho num, Name, and hotel and year-month fixed effects, which

may affect potential consumers’ attention. We designed Models (5-6) as follows:

Read_num;;; = By + p1Tag;:j + B Rating;s; + B3Text_num;; +
[)’4Pho_numitj + ﬁSNameitj +y,+6; + Eitj ®)
Read_num;;; = B, + ﬁlTag_numiztj + p,Tag_num;; + fsRating;.; +

BaText_num;; + BsPho_num; ; + BsName;; +y; + 6 + &) (6)
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Third, we performed logistic regressions in Models (7-8) to reveal the effect of tags on hotel
managers’ attention (H3a and H3Db). This choice is justified by the binary nature of Response,
where logistic models estimate log-odds probabilities more appropriately than linear models.
While Model (7) examines the baseline effect of tag presence by using 7ag as the independent
variable, Model (8) introduces Tag_num’ and Tag_num to explore potential curvilinear effects

of tag number.

Logit(Response;;) = By + P1Tagi; + B2Rating;; + PsText_numy; +
,84Ph0_numit]- + ,85Nameitj + €ij @)
Logit(Responseitj) =S, + ﬁlTag_numith + p,Tag_num;; + p3Rating;:; +

BaText_num;; + BsPho_num; + BcName;;; + & (8)
5. Results
5.1. Relationship between use of tags and posting effort

We regressed Models (1-2) to explore the relationship between the use of tags and posting
effort and present the results in Columns 1-2 of Table 4. In Column 1, the coefficient of Tag
(8.1537***) is positive and significant at the 0.01 level, indicating that reviews with tags tend
to be exerted extra textual effort by reviewers (approximately 24.86% of the mean value of
Text num). As indicated by the positive and significant coefficient of 7ag (0.1402***) in
Column 2, reviews using tags are also uploaded with more photos (about 41.15% of the mean
value of Pho_num). Therefore, the results in Columns 1-2 support Hla, that is, reviews with
tags are more likely to be exerted more posting effort by reviewers. This suggests that tags can
serve as an effective indicator of reviews with more textual and visual content, allowing
potential consumers and hotel managers to identify and highlight such reviews on hotel

booking platforms.

Considering that reviewers uploading many tags may not always exert additional posting effort,
we also regressed Models (3—4) to reveal the relationship between number of tags used and
posting effort and report the results in Columns 3—4. Given that all coefficients of Tag num?
and Tag num are significant at the 0.01 level in Columns 3 (-0.2691*** and 4.3220%**) and
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Column 4 (-0.0047*** and 0.0720***), the effect of tags on posting effort in text and photos
(AText num and APho num) can be represented by two quadratic functions
(AText_num = —0.2691 X Tag_num? + 4.3220 X Tag_num ; APho_num = —0.0047 X
Tag_num? + 0.0720 X Tag_num). Figures 67 present these two quadratic functions, whose
parabolas are open downward. As Figures 6—7 show, the positive effect of tags on posting effort
(measured by texts or photos) decreases along with an increasing number of tags, and reviewers
exert less posting effort if they use more than eight tags. These results support that relationship
between the number of tags and posting effort follows an inverted U curve (H1b). This finding
can help review users on hotel booking platforms better identify valuable reviews—those with

moderate tag usage tend to contain more textual and visual contributions.

Table 4. The relationship between the use of tags and posting effort.

(1) 2 3) @)
Model Model (1) Model (2) Model (3) Model (4)
Variables Text num Pho_num Text num Pho_num
Tag 8.1537*** 0.1402%**
(0.3289) (0.0070)
Tag num? -0.2691 *** -0.0047%%*
(0.0358) (0.0008)
Tag num 4.3220%** 0.0720%**
(0.2419) (0.0052)
Rating -18.6850*** -0.0100*** -18.8542%** -0.0128***
(0.3429) (0.0037) (0.3426) (0.0037)
Name 0.7688** 0.0279*** 0.8169%** 0.0286%**
(0.3189) (0.0066) (0.3187) (0.0066)
Constant 127.5768%** 0.4260%** 127.9657*** 0.4346%**
(1.8367) (0.0243) (1.8332) (0.0242)
Hotel FE Yes Yes Yes Yes
Year-month FE Yes Yes Yes Yes
Obs. 190,939 190,939 190,939 190,939
R? 0.1660 0.1261 0.1683 0.1272

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Figure 6. The relationship between tag number and text effort.
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Figure 7. The relationship between tag number and photo effort.

5.2. Effect of tags on the attention of potential consumers and hotel managers

Table 5 presents the regression results of Models (5-6) and reveals whether tags attract
potential consumers toward a review. In Column 1, the coefficient of Tag (0.3119%**) is
positive and significant at the 0.01 level, indicating that the use of tags can attract more readers
(potential consumers) toward a review, thus supporting H2a. This result suggests that tag can
serve as a tool for enhancing review visibility to potential consumers on hotel booking
platforms. In addition, as indicated by the significant coefficients of Tag num? (-0.0148%*%)
and Tag num (0.1599***) in Column 2, the effect of number of tags on potential consumers’
attention (ARead num) can be represented by a quadratic function (ARead_num=—0.0148 x
Tag_num? + 0.1599 X Tag_num), which is a downward opening parabola as shown in
Figure 8. The marginal effect of number of tags on consumers’ attention decreases along with
an increasing number of tags, and uploading more than five tags may negatively affect potential
consumers’ attention. This inverted U-shaped relationship indicates that excessive tags may
overwhelm potential consumers, reducing their efficiency of obtaining useful information and

making informed decisions.
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Table 5. The effect of tags on potential consumers’ attention.

(1) @)
Model Model (5) Model (6)
Variables Read num
Tag 0.3119%%**
(0.0476)
Tag num? -0.0148%**
(0.0050)
Tag num 0.1599%**
(0.0350)
Rating -0.0265 -0.0318
(0.0289) (0.0289)
Text_num 0.0224*** 0.0224***
(0.0009) (0.0009)
Pho_num 0.6497*** 0.6495%**
(0.0332) (0.0332)
Name 0.0668 0.0670
(0.0564) (0.0564)
Constant 19.8314%** 19.8660%***
(0.2275) (0.2274)
Hotel FE Yes Yes
Year-month FE Yes Yes
Obs. 190,939 190,939
R? 0.4347 0.4347

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Figure 8. The effect of tag number on potential consumers’ attention.

To analyze the impact of tags on hotel managers’ attention, we regressed Model (7) and report
the results in Column 1 of Table 6. As indicated by the positive and significant coefficient of
Tag (0.2839***) in Column 1, the use of tags increases the probability of receiving a

0.2839

managerial response by 32.83% (e — 1), thereby supporting H3a, that is, tags can attract
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hotel managers’ attention. This finding highlights that tags serve as an effective tool for
increasing review visibility and prompting managers’ responding behavior, which is critical for
improving customer service and reputation management in the hospitality industry. Given that
the number of tags may also affect hotel managers’ cognitive effort, we used Model (8) to
further explore the effect of number of tags on hotel managers’ attention. According to the
coefficients of Tag num? and Tag num in Column 2 (-0.0086*** and 0.1277**%*), the effect
of number of tags on hotel managers’ attention (AResponse) can be represented by a quadratic
function ( AResponse = —0.0086 X Tag_num? + 0.1277 X Tag_num ), which forms a
downward opening parabola as shown in Figure 9. The marginal effect of number of tags on
hotel managers’ attention decreases along with an increasing number of tags, and uploading
more than seven tags may negatively affect hotel managers’ attention. This inverted U-shaped
relationship indicates that while an optimal number of tags boosts managers’ responding

behavior, too many tags may hinder reputation management by overburdening hotel managers.

Table 6. The effect of tags on hotel managers’ attention.

) )
Model Model (7) Model (8)
Variables Response
Tag 0.2839%**
(0.0117)
Tag num? -0.0086***
(0.0013)
Tag num 0.1277%**
(0.0086)
Rating 0.1687*** 0.1619***
(0.0064) (0.0064)
Text num -0.0025*** -0.0026***
(0.0001) (0.0001)
Pho_num -0.0797*** -0.0804***
(0.0047) (0.0047)
Name -0.0963*** -0.0959***
(0.0127) (0.0127)
Constant -0.2835%** -0.2447***
(0.0342) (0.0342)
Wald Test p<0.001 p<0.001
Obs. 190,939 190,939
Pseudo R? 0.0130 0.0131

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Figure 9. The effect of tag number on hotel managers’ attention.

5.3. Results on positive and negative reviews

Given that the relationship between the use of tags and posting effort may differ between
negative and positive reviews, we regressed Models (1-2) by using samples of positive
(Rating>3) and negative (Rating<3) reviews. The results in Table 7 show that although the
coefficients of 7ag in Columns 1-2 (8.2972*** vs 6.6220*) and Columns 3—4 (0.1439*** and
0.0928**) are all positive and significant, the magnitude and the significance among the

samples of positive reviews are greater than those among the samples of negative reviews.

Table 7. The relationship between the use of tags and posting effort (positive vs negative reviews).

(M @) (3) )
Model Model (1) Model (2)
Sample Rating>3 Rating<3 Rating>3 Rating<3
Variables Text num Pho_num
Tag 8.2972%** 6.6220%* 0.1439%** 0.0928**
(0.3009) (3.5649) (0.0072) (0.0379)
Rating -15.0939%** -8.3199%** -0.0568*** -0.0041
(0.8519) (3.5287) (0.0172) (0.0365)
Name 0.9329%** -5.5073 0.0287*** -0.0153
(0.2868) (4.5714) (0.0067) (0.0435)
Constant 109.5320%** 111.4101%** 0.6628%** 0.3168***
(4.3123) (10.8490) (0.0869) (0.1056)
Hotel FE Yes Yes Yes Yes
Year-month FE Yes Yes Yes Yes
Obs. 179,807 7,441 179,807 7,441
R? 0.1240 0.2878 0.1377 0.2226

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

We then used Models (5) and (7) to determine whether tags attract consumers’ and hotel
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managers’ attention toward positive and negative reviews, and the results are presented in
Tables 8-9, respectively. Column 1 in Tables 8-9 presents the result for the samples of positive
reviews, while Column 2 reports the result for the negative ones. While the positive and
significant coefficient of Tag (0.3043***) in Column 1 of Table 8 replicates the result in
Column 1 of Table 5, the coefficient (0.1833) in Column 2 is insignificant, thereby suggesting
that tags can only attract potential consumers’ attention toward positive reviews. In Table 9, the
coefficient of 7ag is positive and significant in Column 1 (0.3000***) but insignificant in
Column 2 (0.0162), which suggests that tags are unlikely to attract hotel managers’ attention
toward negative reviews. The discrepancy in these results can be explained by prospect theory,
which posits that people view losses to be larger than the equivalent magnitude gains
(Kahneman and Tversky, 1979). In the context of negative reviews, loss aversion prompts
potential consumers and hotel managers to prioritize the detailed review content over
simplified tags when distributing their cognitive effort as they seek to mitigate potential losses.

Consequently, the ability of tags to attract attention is diminished within negative reviews.

Table 8. The effect of tags on potential consumers’ attention (positive vs negative reviews).

(1 (2)
Model Model (5)
Sample Rating>3 Rating<3
Variables Read num
Tag 0.3043%%*%* 0.1833
(0.0491) (0.2742)
Rating 0.3738*** 0.2797
(0.1053) (0.2636)
Text num 0.0255%%* 0.0135%**
(0.0011) (0.0019)
Pho_num 0.5749%%* 1.3334%%#*
(0.0321) (0.3095)
Name 0.0735 0.2203
(0.0582) (0.3007)
Constant 17.7001%** 20.6854%**
(0.5530) (1.0626)
Hotel FE Yes Yes
Year-month FE Yes Yes
Obs. 179,807 7,441
R? 0.4326 0.5885

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Table 9. The effect of tags on hotel managers’ attention (positive vs negative reviews).
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(D ()

Model Model (7)
Sample Rating>3 Rating<3
Variables Response
Tag 0.3000%** 0.0162
(0.0122) (0.0510)
Rating 0.6850%** -0.0240
(0.0241) (0.0510)
Text num -0.0032*** -0.0009***
(0.0001) (0.0002)
Pho_num -0.0754*** 0.0109
(0.0049) (0.0204)
Name -0.0804*** -0.3430%***
(0.0130) (0.0658)
Constant -2.8430%** 0.2820%**
(0.1204) (0.0958)
Wald Test p<0.001 p<0.001
Obs. 179,807 7,441
Pseudo R? 0.0132 0.0044

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

5.4. Results on reviews of different travel types

Given the potential variations in the relationship between tag usage and posting effort, as well
as the differential impact of tags on the attention of potential consumers and hotel managers
across various travel types, we conducted a further analysis by examining each travel type.
Tables 10—11 present the results of Model (1) and Model (2), respectively. The results in Tables
10-11 show that all coefficients of 7ag are positive and statistically significant at the 0.01 level,
underscoring that tags serve as a reliable indicator of well-crafted reviews across all travel
types. Interestingly, the magnitude of the coefficients of Business and others is smaller than
that of other travel types. Moving on to Tables 12—13, which report the empirical results of
Model (5) and Model (7), we explore how tags influence the attention of potential consumers
and hotel managers across diverse travel types. In Table 12, while Columns 3, 5, and 6 exhibit
significantly positive coefficients of 7ag, Columns 1, 2, and 4 do not reach statistical
significance. These results suggest that tags in reviews related to solo travel, travel with friends,
and couple travel are less effective in capturing the attention of potential consumers. The results
in Table 13 reveals that all coefficients of Tag are positive and significant, indicating that tags

consistently attract the attention of hotel managers, regardless of the travel type.
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Table 10

. The relationship between the use of tags and text effort on samples of different travel types.

)] (2 A3) “4) (%) (6)
Model Model (1)
Sample Solo Friend Family Couple Business Other
Variables Text num
Tag 11.0213***  10.6261***  10.4587***  10.4781***  6.3193%** 3.0429%**
(1.3950) (1.3923) (0.7628) (1.0578) (0.4270) (0.9083)
Rating -17.6949*** 23 3360%** -20.7974%** -22.5924*** _]152234%** _172856%**
(1.2173) (1.5028) (0.7040) (1.1410) (0.5102) (0.9480)
Name 3.4948%** 0.4281 2.3887*** 2.4876%*** -0.2128 -0.8858
(1.1876) (1.2572) (0.7143) (0.9126) (0.3988) (1.0132)
Constant 121.5078*** 154.8847*** 147.2011*** 155.4801*** 103.1162%** 112.6009%**
(6.5224) (8.0858) (3.8594) (6.4150) (2.6562) (4.9933)
Hotel FE Yes Yes Yes Yes Yes Yes
Year-month FE Yes Yes Yes Yes Yes Yes
Obs. 12,887 13,189 54,488 23,705 70,458 16,209
R? 0.2419 0.3319 0.1866 0.2532 0.1411 0.3470

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Table 11. The relationship between the use of tags and photo effort on samples of different travel types.

(1) ) 3) 4) (5) (6)
Model Model (2)
Sample Solo Friend Family Couple Business Other
Variables Pho_num
Tag 0.1556***  0.1543***  (,1632%**  (.1808***  (.1272***  (.0723***
(0.0305) (0.0292) (0.0155) (0.0217) (0.0097) (0.0183)
Rating -0.0375%* -0.0092 0.0181** -0.0196 -0.0285%**  -0.0229**
(0.0158) (0.0162) (0.0077) (0.0120) (0.0056) (0.0114)
Name 0.0777*** -0.0011 0.0604*** 0.0022 0.0017 0.0198
(0.0279) (0.0252) (0.0145) (0.0178) (0.0092) (0.0185)
Constant 0.6172%**  0.5754***  0.3924***  (.5752%**  (0.4224%** (. 3111%***
(0.1061) (0.1151) (0.0513) (0.0790) (0.0343) (0.0737)
Hotel FE Yes Yes Yes Yes Yes Yes
Year-month FE Yes Yes Yes Yes Yes Yes
Obs. 12,887 13,189 54,488 23,705 70,458 16,209
R? 0.2309 0.3168 0.1671 0.2263 0.1197 0.3159

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Table 12. The effect of tags on potential consumers’ attention for different travel type samples.

(1) ) 3) “) (%) (6)
Model Model (5)
Sample Solo Friend Family Couple Business Other
Variables Read num
Tag 0.1442 -0.0492 0.3799%** 0.1596 0.3235***  (0.2958%**
(0.1851) (0.1810) (0.0983) (0.1798) (0.0716) (0.1434)
Rating 0.0165 -0.1161 -0.0396 0.1355 0.0345 -0.1524
(0.1088) (0.1208) (0.0561) (0.0925) (0.0485) (0.0954)
Text num 0.0250***  0.0236***  0.0183***  (0.0252***  (0.0302***  (.0183***
(0.0044) (0.0033) (0.0012) (0.0029) (0.0020) (0.0025)
Pho_num 0.5861***  0.8221***  0.6830%**  0.7104%**  (.5812***  (.6095%**
(0.1068) (0.1671) (0.0472) (0.1049) (0.0600) (0.1157)
Name -0.1059 0.3539** -0.0365 0.0446 0.0412 0.3291**
(0.1914) (0.1374) (0.0958) (0.3051) (0.0778) (0.1354)
Constant 19.4530%** 18.9107*** 19.9894*** 18.2930*** 20.0426%** 19.2235%**
(0.7860) (0.8958) (0.5012) (0.7234) (0.3505) (0.7517)
Hotel FE Yes Yes Yes Yes Yes Yes
Year-month FE Yes Yes Yes Yes Yes Yes
Obs. 12,887 13,189 54,488 23,705 70,458 16,209
R? 0.5189 0.5596 0.4447 0.3323 0.5018 0.5931
Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
Table 13. The effect of tags on hotel managers’ attention for different travel type samples.
(1) 2 3) “) &) (6)
Model Model (7)
Sample Solo Friend Family Couple Business Other
Variables Response
Tag 0.4316***  0.2299***  0.2480***  (.1829***  (.3088***  (.3393***
(0.0476) (0.0449) (0.0212) (0.0344) (0.0196) (0.0426)
Rating 0.1686***  0.1349***  (.1703***  (.1232%**  (.2222%**  (.2280***
(0.0229) (0.0231) (0.0127) (0.0184) (0.0112) (0.0193)
Text num -0.0009**  -0.0016***  -0.0032***  -0.0019***  -0.0012***  -0.0009**
(0.0004) (0.0004) (0.0002) (0.0003) (0.0002) (0.0004)
Pho _num -0.0399%*  -0.1346***  -0.1000***  -0.1438*** 0.0135 -0.1009%**
(0.0160) (0.0163) (0.0081) (0.0133) (0.0096) (0.0191)
Name -0.1090%*  -0.2034*** -0.0171 -0.2585%**  0.1141%** -0.0610
(0.0499) (0.0448) (0.0220) (0.0347) (0.0239) (0.0464)
Constant -0.1135 0.0971 -0.6914%**  (.3455%**  _(.5482%*** -0.1336
(0.1213) (0.1217) (0.0668) (0.0961) (0.0607) (0.1042)
Wald Test p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001
Obs. 12,887 13,189 54,488 23,705 70,458 16,209
Pseudo R? 0.0103 0.0147 0.0186 0.0157 0.0085 0.0156

Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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6. Conclusions

In the information era, hotel booking platforms need to match potential consumers and hotel
managers with high-quality reviews to address information overload. This study explores the
value of tags in identifying valuable reviews and attracting the attention of potential consumers
and hotel managers. Using a dataset of 190,959 consumer reviews collected from Qunar.com,
we find that tagged reviews tend to demonstrate more posting effort (longer texts and more
photos), suggesting that tags can help review users quickly identify and access more substantial
and useful content. In addition, tags can effectively attract the attention of review users toward
a review, highlighting their utility as heuristic cues in potential consumers’ decision making
and hotel managers’ reputation management on hotel booking platforms. However, an
excessive number of tags can also have negative effects. The relationship between tags and
posting effort and the impact of tags on the attention of potential consumers and hotel managers
follow an inverted U curve. Therefore, an appropriate number of tags performs better in
identifying valuable reviews and attracting the attention of potential consumers and hotel
managers. For designers of hotel booking platforms, this implies the need to implement optimal
tag limits or visual hierarchies to maximize tag utility without overwhelming review users.
Furthermore, we conducted a further analysis to explore the potential asymmetric effects
between positive and negative reviews and find that potential consumers and hotel managers

tend to pay more attention to the detailed review content than the simplified tags.

This study leverages theory of planned behavior and dual-process theory to examine how tags
relate to valuable reviews with greater posting effort and its influence on review users’ attention.
Within the framework of theory of planned behavior, tags reflect reviewers’ positive attitudes
toward crafting high-quality reviews, thereby enhancing their intention to exert greater effort.
As such, tags serve as an intuitive signal for identifying valuable reviews. However, the usage
of excessive tags diminishes this intention due to the influence of subjective norms. From the
perspective of dual-process theory, tags function as both heuristic and systematic cues,
depending on their quantity. A moderate number of tags act as heuristic cues, efficiently
capturing review users’ attention. In contrast, an excessive number of tags trigger systematic
processing, requiring more cognitive effort and thus reducing review users’ attention to the

review.
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This study also addresses several research gaps in the existing literature. First, we extend
research on tag usage to the domain of hospitality management, whereas prior studies have
predominantly focused on online retailing platforms (e.g., Bao et al., 2021; Sepehri et al., 2022).
Second, while previous research has explored the impact of tags on consumer and business
behavior (Konjengbam et al., 2020; Ma et al., 2022), we further explore the value of tags from
the perspective of the interaction between reviewer and review users (including potential
consumers and hotel managers). Third, we provide novel insights into how heuristic cues
influence not only consumer decision-making (e.g., Hu et al., 2014; Petrescu et al., 2024) but
also the responding behavior of hotel managers, thereby expanding the understanding of tag

effects across different review user groups.

6.1. Theoretical implication

This study provides several theoretical implications on theory of planned behavior and dual-
process theory. First, our finding that those reviewers who use tags exert more posting effort
underscores the dynamic interplay between attitude and behavioral intentions in theory of
planned behavior. This is consistent with the research of Picazo-Vela et al. (2010), which
demonstrated the correlation between attitude and intentions of posting a review by employing
theory of planned behavior. The presence of tags not only positively affects reviewers’ attitudes
but also directly impacts their intention of investing effort for crafting high-quality reviews,
thereby suggesting that theory of planned behavior needs to account for how external tools
influence the attitudes and effort required to perform a certain behavior and emphasizing the

importance of contextual factors in understanding behavioral intentions.

Second, the inverted U curve indicates that while tags initially enhance posting effort, an
excessive of these tags may reduce such effort. This result underscores that subjective norms
around posting effort are influenced by the perceived appropriateness of tool usage. If
reviewers believe that there is an optimal number of tags that aligns with normative
expectations, then they may adjust their efforts accordingly. While previous study has
demonstrated the positive influence of subjective norms on reviewers’ posting behavior (Fu et
al., 2015), our work extends this understanding by uncovering their nonlinear relationship. This

provides deeper insights into how perceived norms around tool usage can impact user
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engagement. Overall, these findings extend theory of planned behavior by revealing how tags
influence posting effort through both attitudes and subjective norms, while highlighting their

nonlinear impact—initially beneficial but potentially detrimental in excess.

Third, our findings validate and extend the role of heuristic cues (e.g., tags) in dual-process
theory by demonstrating their effectiveness in attracting the attention of both potential
consumers and hotel managers. While prior research has established that heuristic cues simplify
information processing for consumers (e.g., Book et al., 2018; Zhang et al., 2024a), our study
adds new insights by showing that tags also serve as effective heuristic cues for professionals,
such as hotel managers. This finding highlights the broader applicability of heuristic processing
across different user groups and reinforces the notion that simple, easily processed cues can
facilitate decision-making in both consumer and professional contexts. By extending the
application of heuristic cues from consumer behavior to managerial activities, our study

enriches dual-process theory and highlights the strategic value of these cues in diverse contexts.

Fourth, our findings also refine the concept of heuristic processing within dual-process theory
by revealing an inverted U-curve relationship between the number of tags and the attention of
both potential consumers and hotel managers. While heuristic cues initially enhance attention
and simplify decision-making, their effectiveness diminishes when the number of tags exceeds
an optimal threshold. This phenomenon suggests that excessive heuristic cues can overwhelm

review users, prompting a shift from heuristic processing to systematic processing—consistent

with prior research that individuals require greater cognitive effort to process excessive or
complex information (Li et al., 2024). This finding not only deepens the understanding of the
dynamic interplay between heuristic and systematic processing but also highlights the
importance of optimizing the quantity of heuristic cues to maximize their effectiveness in

practical applications.

6.2. Practical implication

Our findings also offer direct practical implications for hotel booking platforms. First, given
that peer recognition and managerial responses are demonstrated to encourage reviewers to
post high-quality reviews (Liu et al., 2019; Xu et al., 2020), those tags that attract the attention

of potential consumers and hotel managers toward a review can play important roles in
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motivating reviewers to exert posting effort. Therefore, hotel booking platforms should adopt
tags and similar heuristic cues when designing and updating their review systems. This practice
not only helps valuable reviews gain visibility but also incentivizes reviewers to invest more
effort in writing high-quality content, ultimately enhancing the overall quality of reviews on

the platform.

Second, while tags are effective in attracting attention to positive reviews, their impact on
negative reviews is less pronounced due to the asymmetric effect—people tend to focus more
on negative reviews regardless of tags. To address this, platforms can enhance the reviewer
experience by offering personalized tagging options or allowing reviewers to create their own
tags, especially for negative reviews. Customized tags can reduce the cognitive effort required
for readers to understand the content of negative reviews, ensuring that these reviews are not
only noticed but also easily interpreted and addressed. This allows hotel managers to address
these issues more promptly and effectively, leading to improved service quality and higher

customer satisfaction.

Third, since tags can attract readers’ attention and highlight valuable reviews, reviewers should
strategically use tags or other heuristic cues to make their reviews stand out. At the same time,
potential consumers and hotel managers should pay more attention to reviews that include tags,
as these are more likely to contain valuable insights. Platforms can facilitate this by providing

guidelines on effective tag usage and highlighting tagged reviews in their user interfaces.

Fourth, the inverted U-curve effect highlights the importance of optimizing the number of
heuristic cues, such as user-generated tags, to balance their attention-attracting benefits with
the risk of cognitive overload. By finding and incorporating an optimal number of tags,
platforms can ensure that users can efficiently access relevant information without being
overwhelmed, thereby improving their overall engagement. For instance, platforms can
implement a tag recommendation system that suggests relevant tags based on the content of
the review, while limiting the number of tags a user can add. This approach ensures that tags
remain focused and useful for other users. Platform designers should also consider
implementing moderation mechanisms, such as automated filters or manual reviews, to remove
irrelevant or excessive tags that could clutter user experience. Regular user testing and

feedback collection can further refine tag usage strategies, ensuring that the number and quality
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of tags align with review users’ preferences and needs. Additionally, hotel managers can work
with platforms to design a curated library of high-quality tags, which ensures that tags selected
by reviewers remain necessary and useful. This helps increase the density and relevance of tags,
which reduces unnecessary and irrelevant tag usage by reviewers, thus avoiding cognitive

overload, improving communication, and enhancing user engagement.

6.3. Limitation and future research

This study also has its limitations. First, although we used review data from a leading hotel
booking platform and obtained robust results, due to cultural diversity and consumer preference,
the generalizability of our findings to other markets needs further validation. Future studies
may collect data from popular hotel booking platforms in North America or Europe that adopt
tag systems to test the robustness of our results. Moreover, this study’s empirical analysis was
based exclusively on mobile reviews, overlooking potential differences between mobile and
web clients. Future research could further explore the varying value of tags across these clients
by collecting review data from hotel booking platforms that implement tag systems on both

mobile and web clients.

Second, while we primarily focused on the presence and number of tags, an important avenue
for future research is to explore the content and complexity of these tags themselves. Different
types of tags (e.g., descriptive vs. evaluative, specific vs. general) may have varying effects on
how they capture attention and influence behavior. For example, highly specific tags, such as
“pet-friendly,” may attract more focused attention than generic tags, such as “great service.”
Similarly, tags with higher complexity, such as those incorporating multiple attributes (e.g.,
eco-friendly hotel with solar panels and rainwater harvesting system) or technical language
may require greater cognitive effort to process, which may either enhance or reduce the
effectiveness of these tags as heuristic cues. Future research may explore how consumers and
managers process and respond to different tag characteristics and how the complexity of tags
influences their ability to streamline decision making. They may also investigate whether
certain types of content in tags are more effective at fostering engagement, thus leading to

higher posting effort.

Third, this study also has limitations in addressing the potential influence of heuristic cues on
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decision-making biases. While we explored the role of tags in consumer behavior, our analysis
did not fully account for how these cues might lead to suboptimal or biased decisions, such as
anchoring, framing, or availability bias. For example, consumers may give undue weight to
those reviews with certain tags simply because they stand out visually or align with their initial
preferences even if their overall content is not as informative. Tags may also create a bias where
potential consumers overly rely on the first few tags they see (anchoring) without thoroughly
reviewing all available information. Future research may investigate whether tags lead to
suboptimal or biased decision making. Experimental studies can be conducted to test whether
individuals make different choices when presented with varying types of tags, whether their
reliance on heuristic cues leads to better or worse outcomes, and if (or which) biases play a
role. Researchers can also examine whether certain market segments with specific individual
traits are more susceptible to such biases to provide new insights into how heuristic cues can
be tailored to different users. This line of research can help platforms refine their tag systems

to promote a more informed and balanced decision making.
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