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Abstract
Helpful online reviews can benefits customers with less stress from information overload and valuable cues for decision-
making, and thus many scholars have discussed what the determinants of review helpfulness. However, limited studies 
explore how specific review content impacts review helpfulness especially in the hotel industry. Using a latent Dirichlet 
allocation method, we identified review content type regarding hotel attributes with five topics (room experience, location 
convenience, personalization & uniqueness, event management & staff attitude, and cleanliness & smell) by extracting 
dimensions from 166, 546 reviews on Ctrip.com. Then we explored the direct and moderating effects of review content type 
on review helpfulness. Our findings indicated that customers give the most weight to event management & staff attitude in 
hotel reviews, followed by personalization & uniqueness, cleanliness & smell, and location convenience/room experience. 
Moreover, the effects of some characteristics of reviews (e.g., review extremity, review photo) and reviewers (e.g., reviewer 
expertise, reviewer reputation) on review helpfulness vary in different types of review content. These findings could provide 
foundation on exploring the influence of specific review content on review helpfulness, as well as offer valuable guidelines 
for hotels to allocate resources effectively.

Keywords Review content type · Review helpfulness · Online hotel reviews · Latent Dirichlet allocation

1 Introduction

Online reviews, a form of electronic word-of-mouth 
(eWOM) have become an influential information source for 
customers making purchasing decisions, and in turn, pro-
mote the sale of products or services [71, 85]. In the tourism 
industry, customers view online reviews from other travel-
ers to help them make travel plans and reduce uncertainty 

in their choices [6, 33]. Research has indicated that online 
hotel reviews can increase customers’ booking intention and 
enhance hotel performance [1, 47, 98]. Despite their ben-
efits, “the more the better” does not apply to online reviews: 
too many reviews could cause information overload, reduc-
ing the efficiency of customers’ decision-making [12, 23]. 
Many e-commerce platforms (e.g., TripAdvisor and Ctrip) 
therefore allow customers to give “helpfulness” votes to 
online reviews. Customers are more likely to give “helpful” 
votes to reviews that are informative and readable [59].

A helpful review is a “peer-generated product evalua-
tion that facilitates the consumer’s purchase decision pro-
cess” [70]. Helpfulness is often measured by the number or 
ratio of helpful votes [32]. In the hospitality field, studies 
have explored the determinants of hotel review helpfulness, 
including review-related factors regarding review length [90, 
100], readability [36, 82], rating [48], extremity [20, 59], 
valance [8, 51], and emotions [10, 46], as well as reviewer-
related factors concerning reviewer expertise [83], reputa-
tion [59], and identity disclosure [52]. However, some other 
potential factors have rarely been examined. Particularly, 
in terms of the characteristics of reviews, although prior 
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research explored how review content influenced review 
helpfulness, most of them focused on the linguistic features 
of reviews (e.g., the number of characters, syllables, words 
or sentences in a review) [33, 48, 59], and only limited 
studies explored the semantic features of reviews (i.e., the 
meaning of the text) [34, 82, 90]. Prior research indicated 
reviews focusing on one or two topics were more attractive 
to viewers than reviews with messy information [39], sug-
gesting that topics in review text may contribute to review 
helpfulness [90, 92]. Accordingly, the present study aims to 
explore the following research question:

RQ How review content type impact helpful hotel 
reviews?

Our research contributes to the literature in the following 
ways. First, we advance the understanding of the drivers of 
review helpfulness by focusing on the semantic features of 
reviews (i.e., review content type) which are rarely exam-
ined in previous studies. Second, we shed new light on the 
moderators in review helpfulness research by discussing the 
interaction effects between review content type and other 
determinants, whereas existing studies mainly consider the 
moderating effects of hotel features (e.g., hotel price, hotel 
size, or hotel class) [20, 34, 100]. Finally, our results may 
help hotel managers use the information from helpful hotel 
reviews to design more effective marketing strategies to 
attract customers and improve their loyalty.

2  Related research on helpful hotel reviews

A “helpful” hotel review provides more valuable informa-
tion than a general hotel review and helps customers make 
decisions about hotel bookings [32, 48, 52]. Some scholars 
have discussed the determinants of hotel review helpful-
ness including the characteristics of reviews and reviewers 
as well as the potential moderators, which we summarized 
in Table 1. Next, we explain these relevant studies in more 
details.

2.1  The determinants of hotel review helpfulness

In terms of review-related factors, a review consists of four 
components including linguistic features, semantic features, 
sentiment, and its source (the reviewer information) [90]. 
Previous hotel review helpfulness studies mainly focus 
on aspects of linguistic features, sentiment, and source of 
reviews, but limited attention has been paid to the semantic 
features.

The linguistic features are related to characteristics of 
review textual content (e.g., the number of words, read-
ability, relevance, and completeness, etc.). In this regard, 
relevant variables in prior hotel review helpfulness research 
include review length [94, 96], review depth [54, 59], review 

relevance [83], and review readability [36, 82]. Yin et al. 
[96] demonstrated that review length (measured by word 
counts) had a positive effect on consumer perceptions of 
review helpfulness. Srivastava and Kalro [83] indicated that 
a review that is easily readable, relevant, comprehensive, and 
complete is more helpful. Sentiment is related to the valence 
or emotions (positive/negative) embodied in a review, and 
relevant factors involving in review sentiment [33, 52, 90], 
review valence [51, 83] and review emotions [46]. Lee et al. 
[51] examined how review valance (positivity or negativity) 
affected consumers’ perceptions of hotel review helpfulness, 
and demonstrated that negative reviews were more helpful 
than positive reviews. Likewise, Kim and Hwang [46] found 
that consumers considered negative emotional expressions in 
reviews as more helpful, as they have higher level of infor-
mation diagnostics. In addition, other features of reviews are 
also investigated in previous studies including review rating 
[48, 94], review extremity [20, 59], and review photo [57, 
65]. For instance, Kwok and Xie [48] indicated that hotel 
review helpfulness is negatively influenced by review rating. 
Ma et al. [65] used a deep learning model to estimate how 
user-provided photos affected review helpfulness and found 
that photos provided alongside review texts improved the 
helpfulness of online hotel reviews.

Regarding the source of review (features of reviewers), 
previous studies mainly focused on reviewer’s reputation 
[59, 83], expertise [36, 100], experience [48, 59], level [31] 
and demographic characteristics (e.g., gender or age) [37, 
52]. Zhu et al. [100] demonstrated that reviewer credibility 
(i.e., expertise and online attractiveness) influences the per-
ceived helpfulness of online hotel reviews. Lee et al. [52] 
developed review helpfulness prediction models using clas-
sification techniques and found that reviewer characteris-
tics were good predictors of hotel review helpfulness. More 
recently, Liang et al. [59] investigated how a reviewer’s 
background influences the helpfulness of hotel reviews and 
found that customers often give helpful votes to reviews pro-
vided by reviewers with a high reputation and local cultural 
background who had had poor experiences.

Semantic features are related to the meanings of the 
review text (e.g., keywords, topics) [7]. To our best knowl-
edge, there were only two studies explored how review top-
ics impacted hotel review helpfulness. Specifically, Xiang 
et al., [90] explored how five hotel attributes extracted from 
reviews as well as their relationships with review sentiment, 
review rating, and review helpfulness varied in three dif-
ferent review platforms. Shin et al. [82] investigated how 
the extent to four topics of hotel attributes mentioned in 
review text impacted review helpfulness, as well as the mod-
erating of review rating. However, the above two studies 
did not compare the effects of different review topics on 
hotel review helpfulness. Moreover, they only considered 
the direct effects of review topics, but failed to discuss how 
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review topics moderated the relationships between other fac-
tors and review helpfulness.

2.2  The moderators of hotel review helpfulness

Several scholars have explored factors that moderate the 
helpfulness of hotel reviews and mainly involve in hotel 
features (e.g., hotel class, hotel price, and hotel size) [31, 
34, 57, 100], review features (e.g., review emotion, review 
length, review rating, and review types) [20, 51, 76], and 
manager factors (e.g., manager response) [48, 95]. In terms 
of hotel features, Wang et al. [87] claimed that the presence 
of price cues could increase helpful votes when regarding 
low-class hotels but not for high-class counterparts. Li et al. 
[57] found that reviews with photos would be perceived 
more helpful regarding low-priced hotel than high-priced 
hotel. Regarding review features, Filieri et al. [20] indicated 
that extreme reviews were more helpful when reviews were 
long and included photos. Shin et al. [82] explored how 
review rating moderated the effects of reviews’ semantic 
and linguistic features on review helpfulness, and found that 
review rating moderated the relationships between review 
topics, review length and review helpfulness. Qazi et al. 
[76] found that review type (i.e., regular, comparative, sug-
gestive) moderated the effects of review length and review 
wordiness on helpfulness, reflecting that longer review 
would be more helpful when review content regarding com-
parative opinions. As to manager factors, Kwok and Xie [48] 
demonstrated that manager response moderated the impact 
of reviewer experience on the helpfulness of hotel reviews. 
Yang et al. [95] demonstrated the moderating effects of topic 
consistency and linguistic style similarity between manager 
response and consumer review on the relationships between 
text sentiment, review length and review helpfulness. Based 
on the above, prior research on moderators of hotel review 
helpfulness is limited. In particular, how determinants of 
review helpfulness vary in different review topics remains 
unknown.

3  Identifying review content type in hotel 
reviews

The purpose of this part is to identify the main types of 
review content in helpful hotel reviews through text mining 
approach and based on data collection from Ctrip.com.

3.1  Methodology

3.1.1  Latent Dirichlet allocation

Latent Dirichlet allocation (LDA), an unsupervised 
Bayesian learning algorithm, is one of the most popular 
machine-learning topic models and uses a probabilistic 
framework to infer topics from massive review content 
[80]. The fundamental of LDA is that it assumes that all 
online reviews share the same probabilistically distributed 
topics and all topics can be represented by probabilisti-
cally distributed words. Specifically, if d represents the 
document, w represents the words in the document, and 
t represents the subject, then the probability P of words 
appearing in the document can be expressed as follows 
[25]:

P(w|d) represents the probability of the word w appear-
ing in the document d, which is known; P(w|t) represents 
the probability of the word w appearing in the topic t, and 
P( t|d) represents the probability of the document d cor-
responding to the topic t, which are unknown [58]. The 
LDA model uses a statistical sampling method to calculate 
two unknown parameters through a known parameter to 
realize the subject analysis of documents, which has been 
widely adopted in previous studies [64, 80]. Accordingly, 
we applied LDA to obtain the key topics from unstructured 
helpful hotel reviews.

3.1.2  Data collection

We collected data from Ctrip.com, one of the most pop-
ular online hotel review platforms in China that lists 
approximately 800,000 hotels. Ctrip.com provides hotel 
reviews and relevant information about reviewers, and it 
has been studied by many scholars [60, 78, 86]. Figure 1 
shows an example of a review on the site. Using a python 
crawler, we obtained all customer reviews on Ctrip.com 
for Chengdu’s five main urban areas from November 28, 
2016 to November 30, 2019. We chose Chengdu because it 
is an important city in western China as well as one of the 
most well-known tourism cities in China. In particularly, 
Chengdu has been ranked among the top 10 tourist desti-
nation in China in recent years, and ranked the fourth in 
2020 [41]. Moreover, many previous studies set Chengdu 
as an example when they do research on tourism [62, 91, 
97].

We divided our data according to three aspects: review, 
reviewer, and hotel attribute (hotel level). The review 
items were customers’ reviews, helpfulness votes for the 

(1)P(w|d) = P(w|t) × P( t|d)
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reviews, the number of pictures included in the reviews, 
the review ratings, the positions of reviews, and the 
published date of reviews. The reviewer items were the 
reviewer’s level, their total number of reviews and their 
total number of helpful votes. The names, levels, and rat-
ing scores of hotels were also acquired.

3.1.3  Preprocessing and text representation

Online hotel reviews have an unstructured text that needs to 
be transformed into a structured format to enable analysis. 
Therefore, to use LDA and reveal the effective information 
in our final clustering results, we had to preprocess the cor-
pus. We undertook several preprocessing steps: (a) getting 
rid of punctuation and other special symbols; (b) removing 
non-Chinese text; (c) filtering stop words (removing words 
composed of less than two characters and common words); 
(d) using text segmentation technology to split reviews into 
individual words or tokens and get rid of repeated words. 
The final sample comprised 166, 546 reviews across 2690 
hotels.

Before proceeding, it was necessary to choose an a priori 
parameter regarding the number of topics. If the number of 
topics is too small, the content details of the topic cannot be 
explained; If the number of topics is too large, the distribu-
tion of topics will be too scattered and unsystematic. Most 
researchers use perplexity (a method to measure the advan-
tages and disadvantages of probability model) to determine 
the number of topics of LDA [24, 26, 68]. However, the con-
fusion degree will increase irregularly with the increase of 
the number of topics, so it is not completely reliable to select 
the number of topics only rely on the perplexity. Mimno 
et al. [69] determined the number of topics by using the 

combination of perplexity and coherence score, which effec-
tively solved the above problem. Accordingly, by comparing 
the perplexity and coherence score of the number of topics 
from 1 to 20, we selected the point with the lowest perplex-
ity when the coherence score was the highest (as shown in 
Figs. 2 and 3) which reflected the number of topics is 5. 

3.2  Qualitative analysis

As discussed above, the LDA approach identified 5 topics. 
The 10 most prevalent words in each topic and their relative 
weights are shown in Table 2. The procedure of qualitative 
analysis relies on previous studies about computer-assisted 
content analysis [3, 30]. Two trained coders with domain 
knowledge about hotel attributes in reviews [34, 90] read 
through the top 10 most probable words (shown in Table 2) 
and the top 20 most representative documents (10 docu-
ments with the highest probability, and other 10 documents 
randomly selected from the remaining documents) (exam-
ples shown in Appendix A) for each topic. Then they inde-
pendently assigned labels to topics, and discussed the coding 
results and generated a reconciled set of labels. When facing 
multiple topics included in a review, coders assigned the 
label to a review mainly relying on the sequence, sentiment, 
or length of topic content as well as some key adverbs (e.g., 
particularly, especially, primarily, and importantly).

To illustrate the qualitative validation of our results, we 
provide details of the coding procedure for one of the top-
ics (i.e., Topic 3). Topic 3 was labeled “personalization & 
uniqueness” after analyzing the corresponding word distri-
bution and representative reviews. In terms of word distribu-
tion, this topic contained relevant words regarding service 
such as free, friendly, help, and gift. Then, by viewing the 

Fig. 1  An example of an online review on Ctrip.com
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20 representative reviews, we found that customers mainly 
describe the personalized service provided by a hotel such 
as when a customer with kids or being sick. A typical review 
is “Very warm service! Knowing that I had kids with me, the 
hotel provided toothpaste, toothbrush, slippers, and snacks 
especially for the kids”. Meanwhile, we found that custom-
ers also highlight the unique features (e.g., decoration style, 
smart devices) of a hotel in most representative reviews. 
For example, a review reflects that “The decoration of the 
room is exquisite and all the devices are smart, as well as 
the location is convenience. Importantly, the service is very 
warm! The hotel staff buy medicine for me when knowing I 
caught a cold!!! Thumbs up!”. Accordingly, we define the 
topic 3 as “personalization and uniqueness”.

Following the above procedure, we gain five topics 
including room experience, location convenience, personali-
zation & uniqueness, event management & staff attitude, and 

cleanliness & smell. Specifically, room experience (Topic 1) 
describes the holistic experience customers feel when they 
stay in the room of a hotel, including the room size, room 
facilities and amenities, insulation, and ventilation, et al. 
Location convenience (Topic 2) highlights the convenience 
of a hotel’s location, involving in the transportation, attrac-
tions, and surrounding supporting facilities (e.g., supermar-
kets, restaurants). Moreover, personalization & uniqueness 
(Topic 3) is related to personalized services provided by a 
hotel (e.g., customers with kids or being sick) as well as its 
unique features (e.g., decoration style, smart devices). Event 
management & staff attitude (Topic 4) focuses on the proce-
dure and efficiency of a hotel regarding deal with customers’ 
individual events (e.g., leave a wallet in the room) as well as 
the attitude of hotel staff when interacting with customers. 
Finally, cleanliness & smell (Topic 5) is associated with the 

Fig. 2  Perplexity comparison 
with number of topics
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Table 2  Ten most prevalent words and word clouds for topics

Term Top 10 words for each topic Word cloud for each topic

Topic 1 (Room experience) Sound insulation (0.012), toilet (0.010), air con-
ditioner (0.010), facilities (0.007), bed (0.07), 
elevator (0.007), hot water (0.006), car park 
(0.006), windows (0.005), room (0.005)

Topic 2 (Location convenience) Convenient (0.084), position (0.045), transporta-
tion (0.036), downstairs (0.019), subway (0.017), 
nearby (0.015), the Broad and Narrow Alley 
(0.015), Sino Ocean Taikoo Li Chengdu (0.015), 
Chunxi road (0.012), travel (0.012)

Topic 3 (Personalization & Uniqueness) Free (0.022), friendly (0.014), help (0.013), warm 
(0.013), gift (0.012), attitude (0.011), reception 
(0.008), nice (0.008), excellent (0.007), comfort 
(0.007)

Topic 4 (Event management & Staff attitude) Reception (0.022), service (0.009), check out 
(0.009), baggage deposit (0.008), check in 
(0.008), phone (0.008), laundry room (0.007), 
breakfast (0.007), waiter (0.007), reserve (0.006)

Topic 5 (Cleanliness & Smell) Clean (0.067), smokeless (0.061), sanitation 
(0.036), environment (0.036), dirt (0.033), 
aromatherapy (0.029), smell (0.025), arrange 
(0.025), stains (0.025), tidy (0.019)

Table 3  Results of inter-rater reliability test

The “LDA” in this table stands for output determined by the maximum probability of a document corresponding to a topic

Review topics LDA-Researcher A LDA-Researcher B Researcher A–Researcher B
Cohen’s Kappa (0.586) Cohen’s Kappa (0.587) Cohen’s Kappa (0.567)

Room experience (Topic 1) 0.500 (moderate) 0.486 (moderate) 0.471 (moderate)
Location convenience (Topic 2) 0.644 (substantial) 0.666 (substantial) 0.661 (substantial)
Personalization & uniqueness (Topic 3) 0.481 (moderate) 0.564 (moderate) 0.332 (fair)
Event management & staff attitude (Topic 4) 0.703 (substantial) 0.678 (substantial) 0.735 (substantial)
Cleanliness & smell (Topic 5) 0.556 (moderate) 0.494 (moderate) 0.613 (substantial)
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degree of cleanliness (e.g., room environment, bedding sets) 
and smell (e.g., non-smoking, fragrance) of a hotel room.

Further, to ensure the reliability of the coding results, as 
suggested by prior research [42, 89], two other research-
ers assigned the labels to 200 randomly sampled documents 
to calculate the inter-rater reliability. As shown in Table 3, 
the degrees of agreement between LDA and researcher 
A, between LDA and researcher B, as well as between 
researcher A and researcher B are 0.586, 0.587, and 0.567, 
respectively, indicating moderate agreement [15]. Most of 
the Kappa coefficients of each topic are moderate or above. 
Thus, our coding results are reliable to some extent [15, 42].

4  Exploring how review content type 
impacts hotel review helpfulness

We attempt to explore how review content type along with 
other determinants regarding both characteristics of reviews 
and reviewers directly impact hotel review helpfulness. We 
also examined how review content type moderate the rela-
tionships between other determinants and review helpful-
ness. Moreover, hotel level, review positions, and review 
elapsed days are included as control variables because these 
factors are found to influence review helpfulness [36, 87, 
96]. Our research model is shown in Fig. 4.

4.1  The direct effects of review content type 
along with other determinants on hotel review 
helpfulness

4.1.1  Review content type

Review content type is associated with semantic character-
istics of reviews, which focuses on the meaning of words 
included in a review [7]. Prior research indicated review 
semantic features could enhance the helpfulness votes of 
reviews, even more influential than other review charac-
teristics [32, 56, 81]. For example, Wang et al. [87] found 
that price cues as a semantic feature of reviews could attract 
help votes. This may be because reviews with specific con-
cepts contained more valuable information, which are more 
attractive for customers [39]. Also, rich content included in 
reviews aids in building customers’ trust [7].

In hostility, topics in hotel reviews are mainly related to 
hotel attributes (e.g., location, facility, and service), and the 
effects of hotel attributes on consumer preferences have been 
demonstrated by previous studies. [21, 35, 45]. For example, 
by extracting hotel attributes from reviews, scholars could 
identify influencing factors of customers’ satisfaction [55, 
99] and hotel rating [5, 9]. Moreover, several scholars begin 
paying attention to the relationship between review topics 
regarding hotel attributes between review helpfulness, and 
found that review topics could impact review helpfulness 
and varied in different hotel classes and platforms [34, 82, 
90]. For instance, Shin et al. [82] found that review included 
more topics regarding “value”, “landmarks and attractions”, 
and “core product” are perceived as more helpful. As such, 
we propose the following hypothesis:

Fig. 4  Research model
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H1 Hotel review helpfulness would vary in different types 
of review content.

4.1.2  Review characteristics

Review length has a positive influence on review helpful-
ness, as long reviews usually contain more information and 
more convincing arguments than short reviews, which can 
reduce uncertainty about products or services and help cus-
tomers make decisions [70, 73, 96]. However, longer is not 
necessarily better because not all words in reviews are valu-
able or useful [38]. Thus, we use word count after repeated 
words are deleted to represent review length. A longer effec-
tive review length suggests a review will be more helpful.

Review sentiment is defined as the level of positive or 
negative emotion expressed in a review [40]. Individuals are 
more sensitive to losses than gains when facing uncertain 
situations [43]. They therefore pay more attention to nega-
tive reviews to reduce the risk of their purchase decisions, 
especially for experience goods [93]. Accordingly, reviews 
with negative sentiment may have a stronger influence on 
review helpfulness.

Review extremity reflects the extremity of an individual’s 
attitude and is often measured by rating scores [70]. Usually, 
scores of 5 or 1 represent an extremely negative/positive 
opinion, respectively, and 3 suggests a moderate view [77]. 
Reviews with extremely low or high ratings are more influ-
ential than moderate reviews [74, 85, 96], perhaps because 
extreme reviews are associated with strong emotions, which 
drive customers to devote more cognitive effort to express-
ing their attitudes [59]. Moreover, moderate reviews with 
balanced arguments have ambiguous viewpoints, whereas 
extreme reviews with strong arguments reflect unequivocal 
opinions, which may help customers to make choices [20, 
74]. Therefore, customers are more likely to be influenced 
by reviews with extreme ratings.

Review photos, as visual cues, are more likely to capture 
individuals’ attention than text, as photos demand less cog-
nitive effort [50]. Moreover, photos can provide vivid and 
convincing information that may easily trigger customers’ 
emotions and in turn influence their purchase decisions [17, 
20]. Photos also provide customers with visual evidence 
and they are thus more objective and reliable than text-only 
reviews, especially for experience goods [88, 94]. As such, 
the more photos, the more helpful of a review.

Based on the above discussion, we propose the following 
hypotheses:

H2 Reviews with longer effective text are perceived as more 
helpful than reviews with shorter effective text.

H3 Reviews with negative sentiment are perceived as more 
helpful than reviews with positive sentiment.

H4 Reviews with extreme ratings are perceived as more 
helpful than reviews with moderate ratings.

H5 Reviews with more photos are perceived as more helpful 
than reviews with fewer photos.

4.1.3  Reviewer characteristics

Reviewer expertise reflects the knowledge and skills of a 
reviewer in relation to writing high-quality reviews [100]. 
Generally, expertise improves the credibility of information 
and in turn induces persuasion [4, 63]. Customers are more 
likely to read and trust information provided by reviewers 
with high levels of expertise because they believe expert 
reviewers provide more objective and valuable informa-
tion based on their rich experience [13, 74]. Accordingly, 
we consider reviewer with a higher level of expertise will 
improve the helpfulness of their current reviews.

Reviewer reputation relates to the recognition and opin-
ions of others on review platforms [92]. Reviewers with a 
high reputation are often considered more trustworthy and 
influential [59]. Customers believe that positive feedback 
from others will encourage reviewers to put more effort 
into writing high-quality reviews [77]. As such, reviews by 
reviewers with a high reputation will be perceived as more 
credible and useful and thus be more persuasive [14, 19].

According to the above discussion, we posit the following 
hypotheses:

H6 Reviews provided by reviewers with a high level of 
expertise are perceived as more helpful than reviews pub-
lished by reviewers with a low level of expertise.

H7 Reviews provided by reviewers with high reputation are 
perceived as more helpful than reviews published by review-
ers with low reputation.

4.2  The moderating effects of review content type 
on the relationships between determinants 
and hotel review helpfulness

As discussed above, there exists some factors moderate 
the relationship between determinants and hotel review 
helpfulness, and mainly include hotel features, review fea-
tures, and manager factors [20, 48, 100]. Our work focuses 
on how review content type as review features moderates 
the relationships between determinants and hotel review 
helpfulness.

In terms of determinants about review characteristics, 
many previous studies verified that certain review fea-
tures (e.g., review rating) could moderate the relationships 
between other review characteristics (e.g., review length) 
and hotel review helpfulness [20, 51, 82]. In particular, Qazi 
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et al. [76] investigated the moderating effect of review type 
(i.e., regular, comparative, suggestive) on the links between 
review length, review wordiness and review helpfulness, 
and found that longer review would be more helpful when 
review content regarding comparative opinions. Meanwhile, 
several scholars verified the relationships between review 
topics regarding hotel attributes and review helpfulness 
could be moderated by review sentiment and review rating 
[82, 90], suggesting the interaction effects on review help-
fulness between review topics and other review character-
istics. Accordingly, we infer that review content type could 
moderate the relationships between review-rated factors and 
hotel review helpfulness, and posit the following hypothesis:

H8 The relationships between review characteristics and 
review helpfulness vary in different types of review content.

With regard to determinants about reviewer characteris-
tics, prior research also indicated that the interaction effects 
on review helpfulness between reviewer characteristics and 
review features [20, 28, 100]. For instance, Zhu et al. [100] 
verified that the positive influence of reviewer expertise on 
review helpfulness would become weaker in reviews with 
extreme ratings than in those with moderate ratings, sug-
gesting review features could moderate the relationship 
between reviewers’ characteristics and review helpfulness. 
Regarding review content type, different textual informa-
tion in reviews could impact customers’ preferences [7, 81], 
which may adjust the degree of their emphases on reviewer 
features when making decisions. Therefore, we suppose 
that review content type could moderate the relationships 
between reviewer-rated factors and hotel review helpfulness, 
and propose the following hypothesis:

H9 The relationships between reviewer characteristics and 
review helpfulness vary in different types of review content.

4.3  Methodology

4.3.1  Data collection and measurements

The data collection process was as described in Sect. 3.1.2. 
The data were divided into review, reviewer, and hotel fea-
ture items. The review items were review content, review 
rating, the number of helpfulness votes, the number of pic-
tures corresponding to reviews, the positions of reviews, 
and the posted date of reviews. The reviewer items were 
related to reviewer identity, as well as the reviewer’s total 
number of reviews and helpful votes. We also acquired hotel 
names, levels, and ratings. After excluding non-Chinese, and 
repeated reviews, we obtained 166, 546 reviews.

The descriptions of variables are shown in Table 4. The 
dependent variable is review helpfulness, measured by the 
number of helpful votes for a review; the independent vari-
ables include the characteristics of reviews (i.e., content 
type, effective length, sentiment, extremity, and photo) and 
the characteristics of reviewers (i.e., expertise and reputa-
tion). The review content type also serves as a moderator. 
The hotel level, review positions, and review elapsed days 
as control variables.

The review content type is coded based on the results of 
LDA ranging from 1 to 5 (e.g., topic 1 for 1, topic 2 for 2). 
Effective review length by counting the number of words 
included in a review after deleting repeated words. We used 
the counting method suggested by Huang et al. [38], which is 
more suitable for Chinese text. Review sentiment represents 
the extent to which a customer feels positively or negatively 

Table 4  Descriptions of variables

Variable Description References

Dependent variable
Review helpfulness The number of helpful votes received by an online review Filieri et al. [20], Hong et al. [32]
Independent variables
Effective review length The number of words included in an online review after excluding repeated words Huang et al. [38]
Review sentiment The level of positive or negative emotion expressed in an online review Hwang et al. [40]
Review extremity The rating scores of reviews on a scale of 1–5 and its quadratic term Racherla and Friske [77]
Review photos The number of photos posted in an online review Yang et al. [94], Ma et al. [65]
Reviewer expertise The number of reviews posted by a reviewer Liang et al. [59]
Reviewer reputation The number of helpful votes received by a reviewer Liang et al. [59]
Moderate variable
Review content type Main hotel attributes including in helpful hotel reviews Self-developed
Control variable
Hotel level The star rating of a hotel Hu [34]
Review positions The view sequency of a review Self-developed
Review elapsed days The elapsed days since the review posted Pan and Zhang [73]
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towards the subject of their review. To measure the level 
of sentiment in a review, we applied the SnowNLP pack-
age to determine a sentiment score for each review, which 
ranged from 0 (completely negative) to 1 (completely posi-
tive). Review extremity was measured by review rating score 
on a scale from 1 (very dissatisfied) to 5 (very satisfied) 
and its quadratic term. Review photo was measured by the 
number of photos included in a review. Reviewer expertise 
was measured by the total numbers of reviews posted by a 
reviewer and reviewer reputation was measured by the total 
numbers of helpful votes received by a reviewer. Review 
elapsed days was measured by the elapsed days between 
the review posted and December 30, 2019. Hotel level was 
scored according to the star rating assigned to a hotel by 
the platform, ranging from 1 (two-star hotel) to 4 (five-star 
hotel). As there were very few reviews of one-star hotels, we 
did not include these hotels in our sample. Review positions 
was measured based on the crawling sequency of a review/
the total review number of the hotel.

4.3.2  The descriptive statistics of data.

Table 5 shows the descriptive statistics for all variables from 
all reviews, helpful reviews and non-helpful reviews. Among 
166,546 valid samples, the average review content type was 
3.23 (SD = 1.52). Among them, 121,546 reviews are helpful, 
and 45,000 reviews are non-helpful. Specifically, regarding 
helpful reviews, 19,765 reviews belonged to topic 1 (room 
experience), 30,088 reviews belonged to topic 2 (location 
convenience), 16,562 reviews belonged to topic 3, 14,340 
reviews belonged to topic 4 (event management & staff atti-
tude) and 40,791 reviews belonged to topic 5 (cleanliness 
& smell). In terms of non-helpful reviews, 6621 reviews 
belonged to topic 1, 12,929 reviews belonged to topic 2, 
4674 reviews belonged to topic 3, 3615 reviews belonged to 
topic 4 and 17,161 reviews belonged to topic 5.

4.4  Results

To provide a deep understanding of how review content type 
impacted review helpfulness, we examined its direct and 
moderating effects through regression analysis, ANOVA, 
and subgroup analysis.

(1) Regression analysis

In the regression analysis, we treated each review topic as 
a continuous variable (from 0 to 1) based on the procedure in 
previous studies [82, 90]. Specifically, a review was assigned 
to five values corresponding to five review topics, and each 
value referred to the probability of a topic to be included in 
a review based on LDA results. For example, the values of a 
review are (0.52, 0.31, 0.24, 0.01, 0.02), suggesting that the 
probabilities of five topics to be included in the review are: 
0.52 for “room experience”, 0.31 for “location convenience”, 
0.24 for “personalization & uniqueness”, 0.01 for “event & 
staff attitude”, and 0.02 for “cleanliness & smell”.

Then, we conducted a hierarchical regression analysis to 
examine how review content type along with other deter-
minants impacted review helpfulness. Centralization was 
conducted to all the variables to avoid multicollinearity con-
cerns. Specifically, we applied the negative binomial regres-
sion model, because the number of review helpfulness votes 
was a non-negative counting variable and the variance of our 
dependent variable was bigger than its mean after testing. 
Thus, the negative binomial regression model is more suit-
able for our work than the conventional multiple regression 
model [53]. In model 1, we included only the control vari-
ables (i.e., hotel level, review positions, and review elapsed 
days). In model 2, we added the other determinants as inde-
pendent variables (i.e., effective review length, review senti-
ment, review extremity, review photos, reviewer expertise, 
and reviewer reputation). In model 3, review content type 

Table 5  Descriptive statistics

All reviews Helpful reviews Non-helpful reviews

Mean SD Min Max Mean SD Min Max Mean SD Min Max

Review helpfulness 1.76 4.05 0.00 194.00 2.42 4.57 1.00 194.00 0.00 0.00 0.00 0.00
Review content type 3.23 1.52 1.00 5.00 3.22 1.52 1.00 5.00 3.26 1.55 1.00 5.00
Effective review length 17.26 19.71 2.00 592.00 19.80 21.37 2.00 592.00 10.39 11.85 2.00 328.00
Review sentiment 0.70 0.37 0.00 1.00 0.69 0.39 0.00 1.00 0.73 0.33 0.00 1.00
Review rating 4.61 0.89 1.00 5.00 4.58 0.97 1.00 5.00 4.69 0.67 1.00 5.00
Review photos 0.77 1.81 0.00 10.00 0.98 2.01 0.00 10.00 0.21 0.89 0.00 9.00
Reviewer expertise 19.41 92.26 0.00 4482.00 17.68 83.39 0.00 4482.00 24.08 112.65 0.00 4482.00
Reviewer reputation 6.87 25.62 0.00 2453.00 8.06 26.36 0.00 995.00 3.67 23.22 0.00 2453.00
Review elapsed days 567.64 306.05 31.00 1127.00 585.54 303.36 32.00 1127.00 519.31 308.03 31.00 1127.00
Review positions 0.51 0.29 0.00 1.00 0.51 0.29 0.00 1.00 0.51 0.29 0.00 1.00
Hotel level 2.41 0.98 1.00 4.00 2.47 0.97 1.00 4.00 2.24 0.99 1.00 4.00
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was added to test its direct effect on review helpfulness. In 
model 4, interaction terms were added to test the moderating 
effects of review content type. All the regression analysis 
were conducted through SPSS 25.

As shown in Table 6, the adjusted R squared between the 
four models increased, and all improvements showed sig-
nificance. In model 1, all control variables have significant 
positive impacts on review helpfulness excepting review 
positions. Model 2 examines the contribution of reviews’ 
and reviewers’ characteristics to review helpfulness. We 
found the longer the effective length of the review text, the 
more review helpfulness (β = 0.018, p < 0.001), verifying 
H2. However, the effect of review sentiment on helpfulness 
is nonsignificant, thus rejecting H3. The negative coefficient 
of Rating (β = − 1.872, p < 0.001) and the positive coeffi-
cient of  Rating2 (β = 0.276, p < 0.001) indicate that there is a 
U-shaped relationship between rating and review helpfulness 
[29, 61]. In other words, extreme reviews are more help-
ful than moderate reviews, and therefore H4 is supported. 
Review photos has a positive effect on review helpfulness 
(β = 0.136, p < 0.001), thus confirming H5. However, the 
coefficient of reviewer expertise is negative (β = − 0.008, 
p < 0.001), which is contrary to our hypothesis, and therefore 
H6 is rejected. The relationship between reviewer reputa-
tion and review helpfulness is positive (β = 0.052, p < 0.001), 
thus verifying H7.

In model 3, we examine the direct effects of review topics 
on review helpfulness. Results show all review topics have 
significant influences on review helpfulness, thus supporting 
H1. Specifically, Topic 1 (room experience) (β = − 4.889, 
p < 0.05), Topic 2 (location convenience) (β = − 4.827, 
p < 0.05), and Topic 5 (cleanliness & smell) (β = − 4.807, 
p < 0.05) negatively impact helpfulness, suggesting reviews 
become less helpful when regarding these three topics. 
While Topic 3 (personalization & uniqueness) (β = 5.203, 
p < 0.05) and Topic 4 (event management & staff attitude) 
(β = 5.297, p < 0.05) positively influence helpfulness, this 
indicates that the more mentioning these two topics, the 
more review helpfulness.

Further, in model 4, we added interaction items between 
other determinants and review topics to investigate the mod-
erating effects of review content type. Results reflect that 
most interaction items are significant, suggesting review 
content type moderate the relationships between certain 
determinants and review helpfulness, and therefore both 
H8 and H9 are supported. Specifically, regarding effec-
tive review length, its positive effect on review helpful-
ness becomes stronger when related to Topic 5 (cleanli-
ness & smell) (β = 0.013, p < 0.001), but becomes weaker 
when related to Topic 1(room experience) (β = − 0.022, 
p < 0.001), Topic 2 (location convenience) (β = − 0.021, 
p < 0.001), and Topic 3 (personalization & uniqueness) 
(β = − 0.016, p < 0.001). However, review content type 

could not moderate the relationship between review senti-
ment and review helpfulness. In terms of review extremity, 
when the review contains content about Topic 3 (person-
alization & uniqueness) (β = 0.312, p < 0.05), the helpful-
ness of extreme reviews would be enhanced. Reviews with 
photos about Topic 1 (room experience) (β = 0.060, p < 0.1), 
Topic 4 (event management & staff attitude) (β = 0.117, 
p < 0.001), Topic 5 (cleanliness & smell) (β = 0.082, 
p < 0.05) would receive more helpful votes. Moreover, the 
negative effect of reviewer expertise on review helpfulness 
become stronger when regarding Topic 3 (personalization 
& uniqueness) (β = − 0.004, p < 0.001) and Topic 4 (event 
management & staff attitude) (β = − 0.010, p < 0.001), while 
becomes weaker when regarding Topic 1 (room experience) 
(β = 0.013, p < 0.001) and Topic 2 (location convenience) 
(β = 0.006, p < 0.001). Meanwhile, the positive effect of 
reviewer reputation on review helpfulness becomes greater 
when related to Topic 3 (personalization & uniqueness) 
(β = 0.051, p < 0.001) and Topic 4 (event management & 
staff attitude) (β = 0.054, p < 0.001), while becomes weaker 
when related to Topic 1 (room experience) (β = − 0.050, 
p < 0.001), Topic 2 (location convenience) (β = − 0.055, 
p < 0.001), and Topic 5 (cleanliness & smell) (β = − 0.709, 
p < 0.001).

(2) ANOVA analysis

To gain a further understanding of the relationship 
between review content type and review helpfulness, we 
conduct an analysis of variance (ANOVA) to compare each 
two hotel attributes regarding their influences on helpful-
ness, by considering review content type as a categorical 
variable.

The significant results of Levene’s test showed that the 
variance between levels was not equal (p < 0.001), so the 
Welch F-test was adopted [84]. The results revealed that 
there were significant differences regarding review helpful-
ness between different review content type groups (F (4, 
61,261.291) = 116.616, p < 0.001). As such, we conducted 
post-hoc test to explore these differences in more details, and 
results are shown in Table 7.

The results indicate that review content about Topic 
1(room experience) receives less helpful votes than review 
content regarding Topic 3 (personalization & uniqueness) 
(Md = − 0.611, p < 0.001), Topic 4 (event management & 
staff attitude) (Md = − 0.625, p < 0.001), and Topic 5 (clean-
liness & smell) (Md = − 0.222, p < 0.001). Meanwhile, 
review content about Topic 2 (location convenience) scores 
lower on helpfulness than review content about Topic 3 
(personalization & uniqueness) (Md = − 0.582, p < 0.001), 
Topic 4 (event management & staff attitude) (Md = − 0.596, 
p < 0.001), and Topic 5 (cleanliness & smell) (Md = − 0.194, 
p < 0.001). Moreover, review content regarding Topic 3 
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Table 6  Results of hierarchical 
regression analysis

Variables Model 1 Model 2 Model 3 Model 4

Constant 0.489*** 2.656*** 7.583*** 5.291**
Hotel level 0.471*** 0.340*** 0.321*** 0.313***
Review elapsed days 0.000*** 0.000*** 0.000*** 0.000***
Review positions 0.019 0.027 0.027 0.022
Effective review length 0.018*** 0.018*** 0.027***
Review sentiment 0.046 0.039 − 0.006
Review rating − 1.872*** − 1.742*** − 1.247***
Review  rating2 0.276*** 0.255*** 0.231***
Review photos 0.136*** 0.137*** 0.110***
Reviewer expertise − 0.008*** − 0.008*** − 0.009***
Reviewer reputation 0.052*** 0.052*** 0.066***
Topic 1 (room experience) − 4.889** − 3.789*
Topic 2 (location convenience) − 4.827** − 1.328
Topic 3 (personalization & uniqueness) 5.203** 0.116
Topic 4 (event management & staff attitude) 5.297** 2.846
Topic 5 (cleanliness & smell) − 4.807** − 4.604*
Effective review length * Topic 1 − 0.022***
Review sentiment * Topic 1 0.122
Review rating * Topic 1 0.523
Review  rating2 * Topic 1 − 0.137*
Review photos * Topic 1 0.060*
Reviewer expertise * Topic 1 0.013***
Reviewer reputation * Topic 1 − 0.050***
Effective review length * Topic 2 − 0.021***
Review sentiment * Topic 2 0.044
Review rating * Topic 2 − 1.499
Review  rating2 * Topic 2 0.177
Review photos * Topic 2 − 0.003
Reviewer expertise * Topic 2 0.006***
Reviewer reputation * Topic 2 − 0.055 ***
Effective review length * Topic 3 − 0.016***
Review sentiment * Topic 3 − 0.144
Review rating * Topic 3 − 2.393***
Review  rating2 * Topic 3 0.312**
Review photos * Topic 3 − 0.047
Reviewer expertise * Topic 3 − 0.004***
Reviewer reputation * Topic 3 0.051***
Effective review length * Topic 4 0.204
Review sentiment * Topic 4 − 0.057
Review rating * Topic 4 − 0.247
Review  rating2 * Topic 4 − 0.044
Review photos * Topic 4 0.117***
Reviewer expertise * Topic 4 − 0.010***
Reviewer reputation * Topic 4 0.054***
Effective review length * Topic 5 0.013***
Review sentiment * Topic 5 0.344
Review rating * Topic 5 2.694
Review  rating2 * Topic 5 1.867
Review photos * Topic 5 0.082**
Reviewer expertise * Topic 5 − 0.267
Reviewer reputation * Topic 5 − 0.709***
Adjusted R-squared 0.013 0.117 0.118 0.143

ΔR2 0.013 *** 0.104 *** 0.001 *** 0.025 ***
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(personalization & uniqueness) receives more helpful votes 
than review content about Topic 5 (cleanliness & smell) 
(Md = 0.389, p < 0.001), but receives less helpful votes than 
review content regarding Topic 4 (event management & staff 
attitude) (Md = − 0.014, p < 0.001). In addition, review con-
tent regarding Topic 4 (event management & staff attitude) 
receives more helpful votes than review content regard-
ing Topic 5 (cleanliness & smell) (Md = 0.403, p < 0.001). 
However, there was no difference in terms of review help-
fulness between review content regarding Topic 1 (room 
experience) and Topic 2 (location convenience). Based on 
the above, among the five types of review content regarding 
hotel attributes, customers value Topic 4 (event management 
& staff attitude) the most, followed by Topic 3 (personali-
zation & uniqueness), Topic 5 (cleanliness & smell), and 
Topic 2 (location convenience)/ Topic 1(room experience), 
reflecting that review helpfulness varies in different types 
of review content.

(3) Subgroup analysis

We conducted a subgroup analysis [2, 16] to explore how 
the effects of determinants on hotel review helpfulness vary 
in different types of review content. We divided the sample 
into five groups based on the types of review content, and 
tested the hypotheses by regression analysis in all subgroups 
separately, and results are presented in Table 8.

The results indicate there are significant differences 
regarding the relationships between some of reviews’ char-
acteristics and hotel review helpfulness among different 

types of review content, thus further confirming H8. Spe-
cifically, effective review length receives more helpful votes 
when regarding Topic 5 (cleanliness & smell) than the other 
four topics, but receives less helpful votes when regarding 
Topic 3 (personalization & uniqueness)  (diff3-2 = − 0.001, 
p < 0.05) and Topic 4 (event management & staff attitude) 
 (diff4-2 = − 0.001, p < 0.05) than Topic 2 (location con-
venience). The positive effect of review sentiment would 
become greater when review content is about Topic 5 
(cleanliness & smell) rather than Topic 1 (room experi-
ence)  (diff5-1 = 0.144, p < 0.05), Topic 2 (location conveni-
ence)  (diff5-2 = 0.139, p < 0.05) and Topic 3 (personaliza-
tion & uniqueness)  (diff5-3 = 0.121, p < 0.05). Meanwhile, 
extreme reviews would gain less helpful votes when related 
to Topic 1 (room experience) than Topic 2 (location con-
venience)  (diff1-2 = − 0.186, p < 0.001), Topic 3 (person-
alization & uniqueness)  (diff1-3 = − 0.163, p < 0.001), and 
Topic 5 (cleanliness & smell)  (diff1-5 = − 0.151, p < 0.001). 
The positive effect of review photo would become greater 
when review content is about Topic 2 (location convenience) 
 (diff2-3 = 0.015, p < 0.05) and Topic 5 (cleanliness & smell) 
 (diff5-3 = 0.027, p < 0.001) than Topic 3 (personalization & 
uniqueness).

Further, we also found that the relationships between 
some of reviewers’ characteristics and review helpful-
ness vary in different types of review content, thus further 
verifying H9. Specifically, reviewer expertise has a more 
negative effect on review helpfulness when review content 
regarding Topic 5 (cleanliness) than Topic 1 (room expe-
rience)  (diff1-5 = − 0.001, p < 0.05). Regarding reviewer 
reputation,its positive effect on helpfulness becomes weaker 
when review content related to Topic 1 (room experience) 
than the other four topics.

5  Discussion

The present study aims to explore how review content type 
as a semantic feature of reviews impact hotel review helpful-
ness by examining its direct and moderating effects, based 
on 166, 546 reviews on Ctrip.com. The summary of key 
findings of our results are shown in Table 9. We can see that 
most findings based on different methods support each other.

We identified five review topics regarding hotel attributes 
(i.e., room experience, location convenience, personaliza-
tion & uniqueness, event management & staff attitude, and 
cleanliness & smell) to represent the review content type 
in our work. Next, we utilize the Kano model to explain 

Table 6  (continued) *p < 0.1; **p < 0.05; ***p < 0.001
Topic 1: room experience; Topic 2: location convenience; Topic 3: personalization & uniqueness; Topic 4: 
event management & staff attitude; Topic 5: cleanliness & smell

Table 7  Results of ANOVA analysis

Topic 1: room experience; Topic 2: location convenience; Topic 3: 
personalization & uniqueness; Topic 4: event management & staff 
attitude; Topic 5: cleanliness & smell

(I) group (J) group Mean differ-
ence (I–J)

Std. err. P value

Topic 1 Topic 2 − 0.028 0.032 0.373
Topic 3 − 0.611 0.037 0.000
Topic 4 − 0.625 0.039 0.000
Topic 5 − 0.222 0.030 0.000

Topic 2 Topic 3 − 0.582 0.034 0.000
Topic 4 − 0.596 0.036 0.000
Topic 5 − 0.194 0.026 0.000

Topic 3 Topic 4 − 0.014 0.041 0.004
Topic 5 0.389 0.032 0.000

Topic 4 Topic 5 0.403 0.035 0.000
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Table 8  Subgroup analysis on 
path differences among different 
types of reviews

Hypothesized path Item 1 Item 2 Coef 1. Coef 2. Difference Chi2 P value

Effective review length → RH Topic 1 Topic 2 0.007 0.007 0.000 1.82 0.1779
Topic 1 Topic 3 0.007 0.006 0.001 1.12 0.2900
Topic 1 Topic 4 0.007 0.006 0.001 2.24 0.1346
Topic 1 Topic 5 0.007 0.010 − 0.003 13.28 0.0003***
Topic 2 Topic 3 0.007 0.006 0.001 4.45 0.0348**
Topic 2 Topic 4 0.007 0.006 0.001 5.89 0.0152**
Topic 2 Topic 5 0.007 0.010 − 0.003 6.40 0.0114**
Topic 3 Topic 4 0.006 0.006 0.000 0.24 0.6229
Topic 3 Topic 5 0.006 0.010 − 0.004 16.87 0.0000***
Topic 4 Topic 5 0.006 0.010 − 0.004 18.45 0.0000***

Review sentiment → RH Topic 1 Topic 2 0.001 − 0.006 − 0.005 0.01 0.9101
Topic 1 Topic 3 0.001 − 0.024 − 0.023 0.15 0.6978
Topic 1 Topic 4 0.001 0.013 − 0.012 0.03 0.8691
Topic 1 Topic 5 0.001 0.145 − 0.144 4.08 0.0434**
Topic 2 Topic 3 − 0.006 − 0.024 − 0.018 0.09 0.7632
Topic 2 Topic 4 − 0.006 0.013 − 0.007 0.07 0.7980
Topic 2 Topic 5 − 0.006 0.145 − 0.139 4.69 0.0303**
Topic 3 Topic 4 − 0.024 0.013 0.011 0.22 0.6387
Topic 3 Topic 5 − 0.024 0.145 − 0.121 4.85 0.0276**
Topic 4 Topic 5 0.013 0.145 − 0.132 2.42 0.1199

Review rating → RH Topic 1 Topic 2 − 0.844 − 2.018 − 1.174 132.76 0.0000***
Topic 1 Topic 3 − 0.844 − 1.783 − 0.939 42.42 0.0000***
Topic 1 Topic 4 − 0.844 − 0.101 0.743 0.62 0.4324
Topic 1 Topic 5 − 0.844 − 1.683 − 0.839 69.55 0.0000***
Topic 2 Topic 3 − 2.018 − 1.783 0.235 1.97 0.1609
Topic 2 Topic 4 − 2.018 − 0.101 1.917 67.81 0.0000***
Topic 2 Topic 5 − 2.018 − 1.683 0.335 6.48 0.0109**
Topic 3 Topic 4 − 1.783 − 0.101 1.682 26.31 0.0000***
Topic 3 Topic 5 − 1.783 − 1.683 0.100 0.37 0.5455
Topic 4 Topic 5 − 0.101 − 1.683 − 1.582 33.10 0.0000***

Review rating2 → RH Topic 1 Topic 2 0.122 0.308 − 0.186 176.56 0.0000***
Topic 1 Topic 3 0.122 0.285 − 0.163 56.75 0.0000***
Topic 1 Topic 4 0.122 0.133 − 0.011 0.41 0.5232
Topic 1 Topic 5 0.122 0.273 − 0.151 89.43 0.0000***
Topic 2 Topic 3 0.308 0.285 0.023 0.92 0.3370
Topic 2 Topic 4 0.308 0.133 0.175 82.04 0.0000***
Topic 2 Topic 5 0.308 0.273 0.035 3.48 0.0620*
Topic 3 Topic 4 0.285 0.133 0.152 35.91 0.0000***
Topic 3 Topic 5 0.285 0.273 0.012 0.24 0.6242
Topic 4 Topic 5 0.133 0.273 − 0.140 45.36 0.0000***

Review photos → RH Topic 1 Topic 2 0.078 0.069 0.009 1.87 0.1715
Topic 1 Topic 3 0.078 0.054 0.024 11.74 0.0006
Topic 1 Topic 4 0.078 0.067 0.011 1.30 0.2550
Topic 1 Topic 5 0.078 0.081 − 0.003 0.10 0.7466
Topic 2 Topic 3 0.069 0.054 0.015 5.02 0.0250**
Topic 2 Topic 4 0.069 0.067 0.002 0.04 0.8508
Topic 2 Topic 5 0.069 0.081 − 0.012 2.43 0.1187
Topic 3 Topic 4 0.054 0.067 − 0.013 1.97 0.1606
Topic 3 Topic 5 0.054 0.081 − 0.027 11.74 0.0006***
Topic 4 Topic 5 0.067 0.081 − 0.014 1.75 0.1860
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Table 8  (continued) Hypothesized path Item 1 Item 2 Coef 1. Coef 2. Difference Chi2 P value

Reviewer expertise → RH Topic 1 Topic 2 − 0.001 − 0.002 − 0.001 2.10 0.1470

Topic 1 Topic 3 − 0.001 − 0.001 0.000 0.16 0.6866

Topic 1 Topic 4 − 0.001 − 0.003 − 0.002 0.62 0.4322

Topic 1 Topic 5 − 0.001 − 0.002 − 0.001 9.59 0.0020**

Topic 2 Topic 3 − 0.002 − 0.001 0.001 0.13 0.7155

Topic 2 Topic 4 − 0.002 − 0.003 − 0.001 0.22 0.6369

Topic 2 Topic 5 − 0.002 − 0.002 0.000 1.66 0.1981

Topic 3 Topic 4 − 0.001 − 0.003 − 0.002 0.35 0.5566

Topic 3 Topic 5 − 0.001 − 0.002 − 0.001 1.04 0.3082

Topic 4 Topic 5 − 0.003 − 0.002 0.001 0.05 0.8237
Reviewer reputation → RH Topic 1 Topic 2 0.002 0.005 − 0.003 34.99 0.0000 ***

Topic 1 Topic 3 0.002 0.006 − 0.004 20.10 0.0000 ***
Topic 1 Topic 4 0.002 0.006 − 0.004 21.03 0.0000 ***
Topic 1 Topic 5 0.002 0.007 − 0.005 77.74 0.0000 ***
Topic 2 Topic 3 0.005 0.006 − 0.001 2.12 0.1453
Topic 2 Topic 4 0.005 0.006 − 0.001 1.50 0.2209
Topic 2 Topic 5 0.005 0.007 − 0.002 15.76 0.0001***
Topic 3 Topic 4 0.006 0.006 0.000 0.08 0.7728
Topic 3 Topic 5 0.006 0.007 − 0.001 0.37 0.5408
Topic 4 Topic 5 0.006 0.007 − 0.001 1.15 0.2840

RH Review helpfulness. *p < 0.1; **p < 0.05; ***p < 0.001
Topic 1: room experience; Topic 2: location convenience; Topic 3: personalization & uniqueness; Topic 4: 
event management & staff attitude; Topic 5: cleanliness & smell

Table 9  The summary of key findings of our results

Topic 1: room experience; Topic 2: location convenience; Topic 3: personalization & uniqueness; Topic 4: event management & staff attitude; 
Topic 5: cleanliness & smell

Effect Key findings Method

Direct effect Topic1, Topic 2 and Topic 5 negatively impact review helpfulness
Topic 3 and Topic 4 positively impact review helpfulness

Regression analysis

Customers value Topic 4 the most, followed by Topic 3, Topic 5. and Topic 2/Topic 1 ANOVA
Moderating effect The positive effect of effective review length becomes weaker when regarding Topic 1, Topic 2 and 

Topic 3, while this effect becomes stronger when regarding Topic 5
Extreme reviews have a greater effect on helpfulness when regarding Topic 3
The positive effect of review photo becomes stronger when regarding Topic 1, Topic 4 and Topic 5
The negative effect of reviewer expertise becomes weaker when regarding Topic 1 and Topic 2, while 

this effect becomes stronger when regarding Topic 3 and Topic 4
The positive effect of reviewer reputation becomes weaker when regarding Topic 1, Topic 2 and Topic 

5, while this effect becomes stronger when regarding Topic 3 and Topic 4

Regression analysis

Effective long reviews are more helpful when regarding Topic 5 than the other four hotel attributes
Positive reviews are more helpful when regarding Topic 5 than Topic 1, Topic 2 and Topic 3
Extreme reviews are less helpful when regarding Topic 1 than Topic 2, Topic 3 and Topic 5
Reviews with photos about Topic 2 and Topic 5 are more helpful than Topic 3
Reviews from expert reviewers are less helpful when regarding Topic 5 than Topic 1
Reviews from reviewers with high reputation are less helpful when regarding Topic 1 than the other 

four topics

Subgroup analysis
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these attributes in more details. Specifically, the Kano model 
refers to identify quality attributes that influence customer 
satisfaction of products, involving in three main types: basic, 
performance, and attractive attributes [11, 44]. Regarding 
our topics, room experience, location convenience, and 
cleanliness & smell are related to basic attributes corre-
sponding to basic requirements of a hotel. Their poor per-
formance would generate absolute dissatisfaction, but their 
sufficient performance does not enhance satisfaction. Event 
management & staff attitude refers to performance attrib-
utes. The higher the performance of this attribute, the higher 
the customer’s satisfaction will be and vice-versa. Finally, 
personalization & uniqueness is associated with attractive 
attributes, which are usually unexpected by customers and 
can lead to great satisfaction, but the absence leads to no 
dissatisfaction. Hotels should keep basic attributes and pay 
more emphasis on performance and attractive attributes to 
achieve advantages in differentiation [67].

Further, we explored how review content type impact 
review helpfulness. In terms of its direct effect, we found 
that hotel review helpfulness varies in different types of 
review content, which supports findings in previous stud-
ies [34, 82, 90]. In particular, our results show that reviews 
regarding room experience, location convenience, and clean-
liness & smell would receive less helpful votes. This may 
be because that these three hotel attributes are related to 
basic requirements of a hotel, and customers don’t need to 
know much additional information about them. Also, we 
found that reviews about personalization & uniqueness as 
well as event management & staff attitude could receive 
more helpful votes. One possible explanation is that it is 
hard for customers to know the above two attributes from 
hotel descriptions, and former customers’ experience from 
reviews is an effective way to get relevant information. Like-
wise, results of comparison analysis also show that review 
content associated with event management & staff attitude 
could be voted as the most helpful, followed by personali-
zation & uniqueness, cleanliness & smell and location con-
venience/room experience. As mentioned above, viewing 
feedback from other customers is a main way to catch clues 
of hotel service, as the quality of hotel service should rely 
on feedback of other customers who have experience [90]. 
These findings revealed that customers pay more attention 
to personalized and extra service provided by hotels rather 
than standard requirements of hotels (e.g., cleanliness, room 
facilities). Previous also indicated that personalized service 
could add value for customers and increase their satisfaction 
and loyalty [18, 75].

With regard to its moderating effects, we verified that 
review content type could moderate the relationships 
between certain determinants and review helpfulness, which 
support previous research [76]. Specifically, in terms of the 
reviews’ characteristics, our results show that effective long 

reviews regarding cleanliness & smell would be perceived 
as more helpful than reviews associated with the other four 
hotel attributes. This may be because the smell and certain 
details of cleanliness of a hotel could not be identified based 
on photos, but only rely on text description from other expe-
rienced customers. Also, positive reviews regarding clean-
liness & smell would receive more helpful votes than the 
other two basic hotel attributes (i.e., room experience and 
location convenience). One explanation is customers could 
not stand a hotel room is unclean and with odor compared 
to poor location or bad room experience (e.g., small room 
size). Meanwhile, customers sometimes have a positive pre-
decision preference on one hotel, so they pay more atten-
tion to reviews with a positive sentiment [79]. Moreover, 
extremity reviews related to room experience would be 
perceived less helpful than reviews related to location con-
venience, personalization & uniqueness, and cleanliness & 
smell. Extreme opinions on room experience may mainly 
depend on people’ own preferences (e.g., customers have 
different criteria on the size of a room), so these reviews 
are not helpful for customers [20, 34]. Reviews with photos 
about location convenience and cleanliness & smell could 
be voted as more helpful than reviews with photos regarding 
personalization & uniqueness. This may be because loca-
tion convenience and cleanliness & smell are two important 
basic requirements of a hotel which need more photos to 
provide visual cues and in turn enhance persuasiveness [57, 
65]. The above findings suggest that different review topics 
have heterogeneous moderating effects, suggesting custom-
ers have different requirements for information regarding 
hotel attributes.

In addition, in terms of reviewers’ characteristics, our 
findings show that reviews from expert reviewers regarding 
cleanliness & smell would be perceived as less helpful than 
reviews from expert reviewers associated with room experi-
ence. One explanation is that compared to room experience, 
cleanliness & smell depends more on customers’ subjective 
evaluation rather than professional assessment, so custom-
ers prefer to trust service information offered by ordinary 
reviewers who are similar to them [77]. Moreover, reviews 
from reviewers with high reputation regarding room experi-
ence would be perceived as less helpful than reviews from 
reviewers with high reputation regarding the other four hotel 
attributes. This may be because that customers have different 
criterion to evaluate the room experience of their hotel stay.

6  Supplementary analysis

According to the above discussion, we further categorize 
the five review topics as three attributes based on the Kano 
model [11, 44]. That is, basic attributes (i.e., room expe-
rience, location convenience, and cleanliness & smell), 
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performance attributes (i.e., event management & staff 
attitude), and attractive attributes (i.e., personalization & 
uniqueness). Then, suggested by previous studies [20, 76], 
we applied the Tobit regression model to investigate how 
these three new types of review content impact review help-
fulness. Review content type was added as a dummy vari-
able, and we set basic attributes as the reference category.

As shown in Table  10, reviews regarding attractive 
attributes (β = 0.202, p < 0.001) or performance attributes 
(β = 0.140, p < 0.05) were perceived more helpful than basic 
attributes, which supports our previous findings. Moreover, 
most of the interaction items are significant, suggesting 
the moderating effect of this new review content type. In 
particular, effective long reviews regarding basic attributes 
would be perceived as more helpful than reviews regarding 
performance (β = − 0.008, p < 0.001) or attractive attributes 
(β = − 0.008, p < 0.001). Extreme reviews related to perfor-
mance attributes (β = 0.285, p < 0.001) receive more help-
ful votes than basic attributes. Reviews with photos become 
more helpful when regarding basic attributes rather than 
performance attributes (β = − 0.058, p < 0.001). Moreover, 

reviews from expert reviewers would receive less helpful 
votes when related to performance (β = − 0.003, p < 0.001) 
or attractive attributes (β = − 0.011, p < 0.001) rather than 
basic attributes, while reviews from reviewers with high rep-
utation would be more helpful when regarding performance 
(β = 0.041, p < 0.001) or attractive attributes (β = 0.055, 
p < 0.001) rather than basic attributes.

Based on the above, we can see that customers prefer 
view reviews with long text or photos when regarding basic 
attributes as well as extreme reviews about performance 
attributes. Meanwhile, they like reviews about basic attrib-
utes from expert reviewers and reviews about performance 
or attractive attributes from reviewers with high reputation.

7  Conclusions

To gain a deep understanding of how review content type 
impact hotel review helpfulness, we confuted two studies 
to explore these issues based on 166, 546 reviews across 
2,690 hotels on Ctrip.com. Based on the LDA topic model 

Table 10  Results of Tobit 
regression analysis

*p < 0.1; **p < 0.05; ***p < 0.001

Variable Coefficient Std. error Z value Sig.

Effective review length 0.034 0.001 36.88 0.000***
Review sentiment 0.053 0.049 1.09 0.275
Review rating − 1.282 0.044 29.33 0.000***
Review  rating2 0.543 0.016 34.71 0.000***
Review photos 0.266 0.009 30.48 0.000***
Reviewer expertise − 0.009 0.000 − 47.58 0.000***
Reviewer reputation 0.050 0.001 24.50 0.000***
Performance attributes 0.140 0.070 − 1.99 0.047**
Attractive attributes 0.202 0.056 3.58 0.000***
Effective review length * Performance attributes − 0.008 0.002 − 4.36 0.000***
Review sentiment * Performance attributes − 0.001 0.129 − 0.01 0.992
Review rating * Performance attributes 0.795 0.160 4.97 0.000***
Review  rating2 * Performance attributes 0.285 0.074 3.86 0.000***
Review photos * Performance attributes − 0.058 0.017 − 3.39 0.001***
Reviewer expertise * Performance attributes − 0.003 0.000 − 5.52 0.000***
Reviewer reputation * Performance attributes 0.041 0.002 24.11 0.000***
Effective review length * Attractive attributes − 0.008 0.002 − 5.11 0.000***
Review sentiment * Attractive attributes − 0.135 0.117 − 1.15 0.251
Review rating * Attractive attributes − 0.697 0.097 − 7.21 0.000***
Review  rating2 * Attractive attributes − 0.214 0.032 − 6.74 0.000***
Review photos * Attractive attributes − 0.021 0.21 − 0.99 0.321
Reviewer expertise * Attractive attributes − 0.011 0.001 − 14.22 0.000***
Reviewer reputation * Attractive attributes 0.055 0.002 32.15 0.000***
Hotel level 0.529 0.012 42.57 0.000***
Review elapsed days 0.001 0.000 24.50 0.000***
Review positions 0.038 0.041 0.92 0.356
Constant − 0.983 0.035 − 28.42 0.000***
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algorithm, we extracted five topics that were common in 
hotel reviews: room experience, location convenience, 
personalization & uniqueness, event management & staff 
attitude, and cleanliness & smell, which are conceptualized 
as the review content type. Then, we performed regression 
analysis, ANOVA, and subgroup analysis to investigate how 
review content type along with other determinants regard-
ing characteristics of reviews and reviewers directly impact 
hotel review helpfulness as well as the moderating effects 
of review content type. We found that review helpfulness 
as well as its relationships with certain determinants (e.g., 
review extremity and reviewer reputation) vary in different 
types of reviews. These findings have several theoretical and 
practical implications.

7.1  Theoretical contributions

The present study makes the following contributions to the 
literature. First, our work extends previous studies about 
dimensions in hotel reviews by identifying five review top-
ics regarding hotel attributes. Although some of the topics 
(e.g., room experience, location convenience) were reported 
in previous studies [27, 34], no studies have considered 
them together and highlighted their relative importance. 
Most importantly, the topic regarding “personalization & 
uniqueness” has never been mentioned in prior research on 
hotel reviews. We found that customers put emphasis on the 
personalized services and unique features of a hotel when 
view reviews.

Second, our work deep the understanding of how review’s 
semantic features impact hotel review helpfulness by explor-
ing the direct and moderating effects of review content type 
regarding hotel attributes. Although there are two studies 
discussed the effects of review topics (i.e., basic service, 
value, landmark & attraction, dining & experience, and 
core product) on hotel review helpfulness through regres-
sion analysis [82, 90], they didn’t compare review topics 
with each other. Our work conducted comparison analysis on 
each two review topics, which could provide more valuable 
guidelines for hotels to allocate resources efficiently, due 
to the limited time and resources. For example, Shin et al. 
[82] found that reviews with landmark & attraction could be 
more helpful, while our findings show that review content 
about location convenience scores lower on helpfulness than 
reviews with personalization & uniqueness content, suggest-
ing hotel managers could pay more attentions on improving 
personalization and uniqueness of hotels.

Moreover, previous studies failed to consider the moder-
ating effects of review topics on the relationships between 
other factors and hotel helpfulness. Although some schol-
ars have explored the moderators of hotel review helpful-
ness including hotel features, review features, and manager 
factors [20, 31, 95], relevant studies are still limited. In 

particular, regarding moderators of review features, the mod-
erating effect of review content type is rarely examined. Our 
work contributes to this research stream by demonstrating 
that the effects of the characteristics of reviews (e.g., review 
length) and reviewers (e.g., reviewer reputation) on hotel 
review helpfulness vary in different types of review content. 
These findings can serve as a foundation for future research 
on investigating the moderating effects of the semantic fea-
tures of reviews on review helpfulness.

Finally, we add new knowledge of review types by further 
categorize review topics into three types (i.e., basic, perfor-
mance, and attractive attributes) based on Kano model and 
explore its moderating effect. Several types of reviews were 
proposed by prior research (e.g., regular vs. comparative 
vs. suggestive; abstract vs. concrete) [76, 81], but almost no 
scholars categorized reviews based on the Kano model. Our 
findings could shed new insights on review types when study 
the effects of reviews on customer attitudes and behaviors.

7.2  Practical implications

Our work has several practical implications. First, under 
the competitive market environment, hotel operators should 
invest more resources to improve the efficiency of event 
management, personalized service and uniqueness to attract 
customers, as we found customers hope know more informa-
tion about event management & staff attitude as well as per-
sonalization & uniqueness than other basic hotel attributes. 
Thus, hotels could improve the above two hotel attributes 
and encourage customers to post more content regarding 
these attributes. For instance, hotels could provide custom-
ized service for customers with kids or old man. Also, hotels 
could offer unique and superior amenities (e.g., free gifts, 
customized welcome cards) to create surprises for custom-
ers, which could differentiate themselves from other hotels 
and in turn create competitive advantage.

Further, since the importance of review content type on 
review helpfulness, online reviews platforms could opti-
mize their interface by highlighting the topics of review 
content. For instance, they could require reviewers to tag 
a specific topic when post a review (e.g., # personalization, 
#staff attitude). Moreover, based on our findings, as cus-
tomers give high priority to the event management & staff 
attitude, personalization & uniqueness, and cleanliness & 
smell of hotels, platforms could automatically highlight 
relevant review content for customers through text min-
ing method. Such actions may enhance users’ experience 
and the “stickiness” of the platforms. Meanwhile, our find-
ings also reveal other factors (e.g., review photo, reviewer 
reputation) contribute to hotel helpfulness when regarding 
certain hotel attributes, travel websites could identify help-
ful hotel reviews effectively and quickly based on our find-
ings. For instance, we highlight the effect of user-provided 



Information Technology and Management 

1 3

photos on review helpfulness when regarding several basic 
hotel attributes (e.g., room facilities and cleanliness). Travel 
websites could encourage customers to share more photos 
of their hotel stay by designing a reward system. Likewise, 
reviews from reviewers with high reputation regarding event 
management and personalized service also contribute to the 
helpfulness of reviews. Thus, travel websites should develop 
ways to motivate these reviewers to post more content about 
hotel’s event management and personalized service to 
improve the usability of travel platforms.

7.3  Limitations and future research directions

This study has several limitations. First, we only collected 
data from Ctrip.com, one of the most popular travel websites 
in China. This may limit the generalizability of our findings, 
and future studies could collect data based more and other 
platforms such as Qunar.com or Booking.com. Meanwhile, 
our work is restricted to hotels in one city (Chengdu) and 
the findings may not be applicable to hotels in other cities. 
Further research could use data from more geographical 
locations or cross-cultural settings to explore helpful hotel 
reviews in more depth. In addition, as reviewers’ information 
could be changed over time, the data of reviewer expertise 
and reputation may not correspond to the time regarding a 
review received the helpful vote. Moreover, although we 
control the influence of review positions on review helpful-
ness based on the crawling sequency of a review, this meas-
urement could not represent the review position viewed by 
each customer. We hope future studies could control these 
biases through more effective ways.

Second, we used an LDA approach to extract dimensions 
from helpful reviews, but big data may give misleading 
information [49]. As such, future studies could use more 
validation methods and other text-mining methods, such as 
latent sematic analysis (LSA), probabilistic latent semantic 
analysis (PLSA), and hierarchical Dirichlet process (HDP), 
to replicate this study. Meanwhile, as prior research indicates 
that individual characteristics (e.g., gender or age) influence 
which aspects of hotels reviewers focus on [27], future stud-
ies could explore how these dimensions vary with conditions 
such as gender, age, or travel types.

Finally, although we highlight the importance of semantic 
features of reviews, we only consider the effect of review 
content type regarding hotel attribute on review helpfulness. 
Future research could investigate how other features of spe-
cific review content (e.g., review content style) affect the 
helpfulness of hotel reviews. Likewise, we did not consider 
other important factors that may influence hotel review help-
fulness, and further studies are encouraged to consider other 
situational factors that might influence hotel review helpful-
ness, such as hotel surroundings, travel type, or season of 
travel, to gain higher predictive power.

Appendix A Examples of the top 20 relevant 
documents of each topic

Label Examples of related documents

Room experience (Topic 1) The room with a small size, has only 
one socket, and without clothes-
hanger. The sound insulation is also 
very poor, even the windows have 
no curtains, and the bed make a loud 
noise when I move. I must give a 
negative comment to it!

I will never stay in the hotel again. 
There are three reasons: the bath water 
is not hot which makes me feel cold; 
the Internet is poor leading me to use 
my own mobile phone hotspot; the 
bed is so soft which makes me have a 
backache

The sound insulation is poor, and I can 
hear the flushing sound next door. 
The tile in the toilet is so slippery, and 
slippers are not non-slip, resulting in 
falling down easily. There are so many 
mosquitoes, and the mosquito repel-
lent doesn’t work, which make me not 
sleep well all night

Location convenience 
(Topic 2)

The apartment hotel is quite good, 
located in the Shuncheng Street, close 
to Tianfu Square and Chunxi Road. 
It has complete supporting facilities, 
including restaurants, supermarkets, 
and recreation center. There are many 
attractions with beautiful sceneries 
nearby. The room is also clean and 
tidy, with completed facilities and 
without odor. I feel comfortable and I 
like this hotel

This hotel is about 5 min’ drive from 
Kuanzhai Alley, and about 15 min’ 
walk from Wuhou Temple. It is on 
the opposite side of Sichuan Orthope-
dic Hospital. It offers breakfast but I 
didn’t eat (I went out for snacks). The 
environment is good, but parking is 
not very convenient

I choose the family room with complete 
facilities and large size. This hotel is 
about 20 min’ walk from Chengdu 
East Railway Station, and about 
20 min’ walk from Chengdu Metro 
Line 2. It is surrounded by shopping 
malls, supermarkets, and restaurants. 
Overall, it is very good
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Label Examples of related documents

Personalization & unique-
ness (Topic 3)

Very warm service! Knowing that I 
had kids with me, the hotel provided 
toothpaste, toothbrush, slippers and 
snacks especially for the kids! My kids 
like these very much. The room was 
spacious enough and I had a great time 
playing hide and seek with my kids! A 
must-try hotel in Chengdu!

The decoration of the room is exquisite 
and all the devices are smart, as well 
as the location is convenience. Impor-
tantly, the service is very warm! The 
hotel staff buy medicine for me when 
knowing I caught a cold!!! Thumbs 
up!

The service is particularly good. The 
attendant specially sent the purifier to 
the elderly. The taste of white fungus 
soup received in the evening is also 
great. It is said that it was made of 
Tongjiang white fungus simmered on 
a low fire. I feel very warm

Event management & staff 
attitude (Topic 4)

The hotel swiped my pre-authorization 
as a consumption. I went to deal with 
it as soon as I returned to the hotel in 
the evening, but it just could not be 
withdrawn after tried many methods. 
They asked me to contact the manager 
to get cash back in the next morning. 
However, until the third day when I 
checked out, they asked me to leave 
a bank card number for the financial 
person. Doesn’t anyone in the big hotel 
have a Alipay? It is so much trouble

The manager’s attitude is extremely bad. 
I left my wallet in the room, and it was 
picked up by the hotel. The hotel did 
not inform me in about 30 h, until we 
found it by ourselves. The wallet is at 
the reception’s desk, but the reception-
ist said they did not know that. The 
manager did not apologize for us at the 
first time, but blamed us for not keep-
ing our own possessions

After checking in, I keep my head-
phones in the room and then went out. 
The next day after cleaning the room, 
the headphones were lost but I was not 
aware of that. I found they were lost 
until I check out, so I called the hotel 
to help me look for the headphones. 
The attitude of customer service was 
very poor, and they didn’t want to 
help me

Cleanliness & smell (Topic 
5)

This hotel is very great. The room is 
clean and tidy, as well as with good 
smell

The environment of the hotel is good, 
and I like the aromatic smell in the 
room

The environment of the hotel is clean 
and tidy
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