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Abstract: Previous studies have extensively investigated the effects of online word-of-mouth 

(eWOM) factors such as volume and valence on product sales. However, studies of the effect of 

eWOM factors on product prices are lacking. It is necessary to examine how various eWOM factors 

can either explain or affect product prices. The objective of this study is to suggest explanatory and 

predictive analytics using a regression analysis and ensemble-based machine learning methods for 

eWOM factors and hotels booking prices. This study utilizes publicly available data from a hotel 

booking site to build a sample of eWOM factors. The final study sample was comprised of 927 

hotels. The important eWOM factors found to affect hotel prices are the review depth and the review 

rating, which are moderated by a number of reviews to affect prices. The effect of the number of 

positive words is moderated by the review helpfulness to affect the price. The review depth and 

rating, along with the number of reviews, should be considered in the design of hotel services, as 

these provide the rationale for adjusting the prices of various aspects of hotel services. Furthermore, 

the comparison results when applying various ensemble-based machine learning methods to predict 

prices using eWOM factors based on a 46-fold cross-validation partition method indicated that 

ensemble methods (bagging and boosting) based on decision trees outperformed ensemble methods 

based on k-nearest neighbor methods and neural networks. This shows that bagging and boosting 

methods are effective ways to improve the prediction performance outcomes when using decision 

trees. The explanatory and predictive analytics using eWOM factors for hotel booking prices offers a 

better understanding in terms of how the accommodation prices of hotel services can be explained 

and predicted by eWOM factors. 
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1. Introduction  

From a consumer perspective, social media has improved price transparency to an unprecedented 

level (McGuire, 2016). Consumers depend on online reviews to obtain information about the quality of 

hotels and decide whether to make a booking (Liu and Park, 2015). Managers should consider 

appropriate pricing strategies in the dynamic condition of price transparency because users are able to 

try a series of alternative online bookings and instantly compare the prices provided by the alternative 

services. Additionally, online feedback on social media platforms represents a crucial factor that hotel 

managers should not neglect (Calheiros et al., 2017).  

Hotel booking prices can be likely affected by online word-of-mouth (eWOM) factors, as tourists 

tend to access an online review platform to evaluate others’ opinions before booking a hotel and 

acquire further information about the sentiments of online reviews. Online consumer reviews show a 

widely used form of eWOM, and information sources are becoming especially relevant in service 

contexts such as the hotel industry. The hospitality sector is among the sectors most influenced by 

eWOM factors (Cantallops and Salvi, 2014). For instance, online reviews have effects on hotel sales 

and hotel performance (Xie et al., 2014). 

Furthermore, there are several studies which use data mining in tourism devoted to forecasting 

tourism demand. These include the data-mining applications in bank telemarketing (Moro et al., 2015) 

and social media (Moro et al., 2016). From a managerial perspective, forecasting tourism demand is 

one of the most prolific and interesting domains. 

Our study intends to accomplish the following research objectives. First, the objective of this 

study is to suggest explanatory analytics using a regression analysis for eWOM factors and hotel 

booking prices. Among the various methods or measures devised to explain financial dealings such 

as price (Li et al., 2020; Liao et al., 2021), our study intends to use eWOM factors for hotel booking 

prices. Given the lack of studies regarding the effects of the volume and valence of eWOM on hotel 

booking prices, our study examines the effects of the number of reviews and the review ratings of 

various aspects of hotel services on hotel booking prices, which is based on studies of the effect of 

eWOM factors on product sales. While earlier work studied the impact of eWOM factors on profits 

and sales (Zhu and Zhang, 2010), the effect of eWOM factors on product prices has not received 

substantial research attention, especially in the hotel industry (Wu and Wu, 2016). The eWOM factors 

associated with the consumer sensitivity to price are regarded as an important research opportunity 

Cantallops and Salvi, 2014). Online information about a product enhances the price premium by the 

lowering price consciousness and improving trust (Huang et al., 2013). 

Second, our study intends to apply ensemble-based machine learning methods to examine their 

performance for predicting hotel booking prices using the volume and valence of eWOM factors. 

While a number of studies have investigated the predictive performance of eWOM factors for 

predicting sales (Lee et al., 2020), there is a lack of studies that predict product prices, especially in the 

hotel industry. Given that several techniques are available for modeling prices and financial measures 



67 

Data Science in Finance and Economics  Volume 4, Issue 1, 65–82. 

(Chang et al., 2020; Corradin et al., 2022; Ren et al., 2022), we intend to apply the most sophisticated 

data-mining techniques. 

2. The eWOM factors affecting hotel booking prices and hotel bookings 

Price has been a crucial factor that determines a consumer’s behavioral intentions (Moon et al., 

2008). For example, Masiero and Nicolau (2012) showed that price sensitivity plays a significant 

role in affecting tourists’ choices of tourism products.  

The price differences between hotel booking prices result in various booking reconsiderations 

by consumers. It is necessary to determine the price variations based on the customers’ reactions 

toward hotel services, which represents how consumers respond to price levels and changes of these 

levels. Moreover, with regard to hotel bookings, it is necessary to assess a customer’s consideration 

of the price, which indicates the customer’s evaluation of the value or utility of certain factors when 

choosing their accommodations, even to lower perceived risks, such as financial risk and 

performance risk (Liang et al., 2018). Based on the notion that hotel booking prices are associated 

with the value perceived by customers with regard to hotel services, our study focuses on hotel 

booking prices instead of hotel bookings as a dependent measure due to the importance attached to 

price during a customer’s valuation of the overall utility of the hotel accommodation.  

eWOM factors can be described as any positive or negative statement posted by consumers 

regarding a product or service, which can be a source of information as a basis for future purchase 

decision making, and are likely to be in line with the suggestions in online reviews (Filieri and 

McLeay, 2014). 

Pricing comprises a crucial marketing strategy in the hospitality industry, thereby leveraging 

new paradigms of revenue management to incorporate a technological evolution (McGuire, 2016). 

Thus, it is supported by a number of online platforms, with hotels.com and TripAdvisor being 

examples of promising online media where users can post evaluations of hotels and compare other 

users’ opinions (Ayeh et al., 2016). Such widespread online information can be appropriately utilized 

by managers to create pricing initiatives. 

Previous studies show that the online reputation of a hotel can affect a traveler’s hotel booking 

intentions (Hernandez-Maskivker et al., 2017) and hotel prices (Nieto-García et al., 2017). If hotels 

have positive eWOM reviews, their online bookings are less influenced by room prices and star 

ratings (Wang et al., 2015). Negative reviews exert a crucial effect on hotel booking intentions (Wen 

et al., 2021). El-Said (2020) showed that online reviews provide some moderation of the brand image, 

star category, and price, all of which affect booking intentions. Social media, web visibility, and 

online reservations are among the major factors that affect hotel prices (Moro et al., 2018). Tourists 

can utilize an online customer review platform to evaluate others’ reviews before booking a hotel to 

acquire additional information about the positive or negative responses provided, thus further 

affecting the fluctuations of hotel booking prices.  

Global digital players such as hotels.com and Expedia have appeared to dominate markets by 

providing digital hotel bookings, which expedite the purchasing of third-party hotel services by 

customers (Alt & Zimmermann, 2015). Within the hospitality industry, it is particularly relevant to 

design customer online review forums where customers can post their comments, score hotel units, 

and observe others’ opinions (Ayeh, et al., 2016). Such information can be utilized by marketers to 

establish pricing strategies. 
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3. Research model 

According to social exchange theory, social exchange is facilitated through social engagement 

via online reviews (Amblee et al., 2011). In relation to this, eWOM factors provide social influence 

as online customer reviews create distinct forms of media for social influence (Park and Lee, 2009, 

Lee and Choeh, 2020). Social influence refers to the process by which consumers alter their 

behaviors based on the responses of other consumers. Online review ratings can create either positive 

or negative reputations of products, as eWOM is an important market indicator of product reputation. 

eWOM offers signals of social proof, through which customers rely on the shared experiences of 

other hotel users to make their purchasing decisions (Premzaai et al., 2010). Thus, as structured 

eWOM factors in hotels indicate social capital and facilitate the delivery of product knowledge, 

eWOM can expedite changes in hotel booking prices. Our study posits three eWOM factors that 

affect hotel booking prices: the review volume (depth), valence (rating), and sentiment (the number 

of positive words). Furthermore, our study suggests the number of reviews and the degree of review 

helpfulness as moderators among the three eWOM factors and hotel booking prices. The research 

model is shown in Figure 1. 

 

Figure 1. Research model. 

Given that the perceived product value is influenced by eWOM factors providing informational 

cues regarding consumers’ beliefs (Cheung et al., 2009) and price sensitivity (Liang et al., 2018), it 

can be assumed that eWOM has a positive effect on booking prices, which can represent a hotel’s 

value. The eWOM volume depicts the consumer awareness of products, thus facilitating their 

subsequent purchase behaviors (Liu, 2006). As the eWOM volume is positively related to a product’s 
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sales (Cui et al., 2012), the eWOM volume levels are positively associated with the price level due to 

the eWOM awareness effect on the dissemination of hotel reputations.  

Our study assumes that the eWOM volume is composed of two dimensions: the depth and the 

number of reviews. The eWOM depth, which greatly expedites the volume of reviews, represents the 

number of words in a review; the review volume normally exerts an important effect on the 

consumer’s evaluations of the products they recommend (Duan et al., 2008). The volume of reviews 

can show the informative facet of social influence, as the acceptance of information from others 

(positive or negative) is evident by reality, thus reducing their sense of uncertainty (Park and Lee, 

2009). This results in an increase in the consumer’s behavioral intentions due to the informative 

nature of such reviews. The eWOM volume contains a credibility signal, especially for experience 

goods with a uncertain quality, which facilitates a consumer’s intention to buy (Yang et al., 2012). 

More comments increase the consumer awareness effect for the product (Duan et al., 2008). There is 

a direct effect of the volume on hotel booking prices due to the monetary value of an increase in the 

eWOM volume (Jang et al., 2012). Thus, as the review volume can deliver a positive cue pertaining 

to the good quality of a hotel, the review volume can increase the hotel prices. Lee et al. (2020) also 

used the number of reviews with machine learning methods to predict box office outcomes. 

Considering its capacity to influence the perceived value, we propose that the review volume can 

have a positive effect on room booking prices.  

Hypothesis 1: Review depth has a positive effect on hotel book prices. 

Given that review valence is positively associated with either sales or consumers’ purchase 

intentions, the seller’s reputation is likely to promote consumer interest in bidding and increase the 

product’s prices (Van Der Heide et al., 2013). Our study is based on the premise that consumers 

who’ve experienced high price bookings are those who recently used the services of high-quality 

accommodations, since price represents a quality preference indicator (Nieto-García et al., 2017). 

Previous studies have strongly supported the effect of the review valence and volume on hotel prices 

(Nieto-García et al., 2017). eWOM valence presents a signal that is crucial with regard to the 

pre-purchase evaluations of and preferences for a product or service (Chevalier and Mayzlin, 2006, 

Duan et al., 2008). The average rating of online reviews shows the average customer satisfaction 

with a product or service (Chintagunta et al., 2010). The rationale for the relationship between the 

review rating and price was suggested by Daniel et al. (2016), who posited an estimated increase in 

the hotel booking prices due to a one-star increase in the average online customer rating. Using a 

hedonic pricing model, Schamel (2012) suggested that popularity ratings as a crucial determinant of 

hotel room prices. Lee et al. (2020) also utilized review ratings to predict box office outcomes.  

Thus, eWOM valence is a signal of what consumers will obtain to the extent that it may affect 

their perceived value, and therefore increase hotel booking prices. Given its ability to affect the 

perceived value, this study suggests that review ratings increase the booking prices for potential 

customers who have visited the review sites. Thus, the following hypothesis can be suggested. 

Hypothesis 2: Review ratings have a positive effect on hotel booking prices.  

Positive online reviews facilitate hotel consideration (Vermeulen and Seegers, 2009) and 

purchase intentions (Ladhari and Michaud, 2015). A positively worded message enhances consumer 

preferences for the product, whereas the proportion of negative online consumer reviews negatively 

affects consumer attitudes (Duan et al., 2008). Positive words contain information that creates a price 

premium for hotels with good reputations (Yacouel and Fleischer, 2012). Positive reviews increase 

price premiums, while negative ones decrease them (Houser and Wooders, 2006). Lee et al. (2020) 
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employed various eWOM factors, including review sentiment, to predict box office outcomes. Thus, 

the following hypothesis can be suggested.  

Hypothesis 3: The number of positive words has a positive effect on hotel book prices. 

The number of reviews can provide an informative facet of social influence, in that people 

consider information from others as evidence of reality. With a large number of available reviews, 

the behavioral intentions of consumers are enhanced. Because they consider those reviews as more 

informative and difficult to ignore, this indicates that a large number of reviews is a credibility cue 

(Nieto-García et al., 2017; Wu, 2017; Yang et al., 2012), thus possibly increasing a consumers 

willingness to buy (Grewal et al., 1994). 

For hotels with a large number of reviews, the difference in hotel booking prices, as related to 

high or low eWOM valence and sentiment, could be greater than those for hotels with low review 

volumes. Thus, it can be suggested that there is a difference in consumer responses to the 

information provided by the review depth, valence and sentiment, depending on the number of 

reviews in relation to hotel booking prices for upcoming accommodations.  

The eWOM volume can have a moderating effect on the relationship between the valence and 

hotel price by improving consumer persuasiveness, which is based on the impact of online reviews 

on the product choice (Khare et al., 2011). As the number of reviews can represent the eWOM 

diagnostic value, this factor can enhance the impact of eWOM on hotel booking prices because 

customers are likely to assign more credibility to the corresponding hotel’s online reviews. 

Customers tend to obtain a more informative value from the corresponding hotel’s eWOM factors 

when instances of eWOM are shown to them in a large quantity, thus resulting in a stronger 

association between other instances of eWOM and hotel booking prices; this subsequently supports 

their decision making regarding their hotel accommodation choice based on other eWOM factors and 

hotel booking prices data. Thus, the following hypotheses can be suggested. 

Hypothesis 4: The number of reviews exerts a moderating effect on the relationship between the 

depth of reviews and hotel booking prices. 

Hypothesis 5: The number of reviews exerts a moderating effect on the relationship between the 

review valence and hotel booking prices. 

Hypothesis 6: The number of reviews exerts a moderating effect on the relationship between the 

number of positive words and hotel booking prices. 

Based on the association between eWOM and review helpfulness (Siering et al., 2018; Wu, 

2017), review helpfulness can also serve as a moderator between eWOM factors (volume, valence, 

and sentiment) and product sales (Lee and Choeh, 2016, 2023). Hotels tend to have higher prices 

with high review volumes, ratings, and sentiment levels, and moreover when the reviews for these 

hotels are helpful. The review volume, ratings, and positive sentiments are strongly associated with 

hotel prices when the average reviews for these hotels are comprehensive and helpful, thus indicating 

that helpfulness can moderate the effects of the review depth, valence, and sentiment on hotel 

booking prices.  

Furthermore, as eWOM factors affect repurchase intentions and negatively effect the perceived 

risk (Liang et al., 2018), review helpfulness is one of the eWOM variables that can interact with 

other eWOM variables to affect box office revenue (Lee and Choeh, 2020). Review helpfulness can 

promote the informative value of a corresponding hotel’s online reviews and can strengthen its 

impact on the relationship between eWOM factors and hotel booking prices; consequently, this 
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supports the customer’s decision making regarding their hotel accommodation based on eWOM 

factors and the hotel booking prices. Thus, we suggest the following hypotheses. 

Hypothesis 7: Review helpfulness exerts a moderating effect on the relationship between the review 

depth and hotel booking prices. 

Hypothesis 8: Review helpfulness exerts a moderating effect on the relationship between review 

valence and hotel booking prices. 

Hypothesis 9: Review helpfulness exerts a moderating effect on the relationship between the number 

of positive words and hotel booking prices. 

4. Methods 

To investigate the influence of two specific eWOM factors, namely the volume and the valence, 

we crawled data from one of the most prominent tourism sites (https://www.booking.com). This study 

used publicly available data from booking.com to build measures of eWOM factors and booking 

prices. To investigate this, we collected data pertaining to economic transactions on booking.com and 

investigated the associated review system. The final sample consisted of 927 hotels. The dependent 

variable was the mean room price. The provision of mean prices for each hotel is necessary due to the 

real differences in prices across rooms. Table 1 shows the eWOM factors used in the study; they 

consist of the review volume, valence, and sentiment. All eWOM factors represent the average 

values for a specific hotel. For instance, the review volume is measured according to the average 

number of words in a review for a hotel. The review depth is the sum of positive and negative words 

in a review, as reviewers are instructed to post either positive or negative reviews in the positive or 

negative review box, respectively. Review helpfulness is calculated as the total number of 

helpfulness votes divided by the total number of reviews for a hotel. Table 2 shows the distribution 

of the sample. The major class of hotel is class 3 (62.4%). The average hotel booking price is 

$ 96.97. 

Table 1. eWOM used in this study.  

Variables Description Number of possible values 

Review volume (average 

number of words) 

Shows the number of words in a review on 

average 

Real values 

Review valence (average 

review rating) 

Shows the review rating on average Real values 

Review sentiment (the number 

of positive words) 

Represents the average percentage of emotional 

reviews 

Real values 

Average number of reviews Shows the number of reviews on average Real values 

Helpfulness of review Shows the helpfulness of reviews for each hotel 

and is the number of helpfulness votes divided by 

the total number of reviews 

Real values 
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Table 2. Distribution of the study sample. 

Category  Number of hotels Percent of hotels 

Hotel class 3 96 10.3 

4 253 27.3 

5 579 62.4 

 Mean Standard deviation 

Number of words in a review 15.08 6.15 

Review rating 8.07  0.69  

Number of positive words 8.03  3.49  

Number of negative words 7.77  3.65  

Number of reviews 493.68  808.12  

Helpfulness 0.14  0.14  

Rating of staff 8.45  0.75  

Rating of comfort 8.13  0.87  

Rating of location 8.32  0.82  

Rating of facilities 8.01  0.84  

Rating of cleanliness 8.12  0.90  

Rating of value with respect to cost 8.01  0.82  

Rating of WI-FI 8.10  1.78  

Price (USD) 96.97  104.57  

Days of accommodation  1.93  0.69  

5. Results 

Table 3. Regression analysis results for the impact of eWOM on price. 

Terms Standardized 

Coefficient  

Standard 

error 

t value p-value Hypothesis Test 

Results 

Review depth .400 1.82 3.74 .000 Hypothesis 1: accepted 

Review rating .248 7.93 4.72 .000 Hypothesis 2: accepted 

Number of positive 

words 

−.373 3.32 −3.37 .001 Hypothesis 3: rejected 

Number of reviews −2.817 .147 −2.49 .013 N/A 

Review 

helpfulness 

.015 191.24 .06 .954 N/A 

Review depth X 

the number of 

reviews 

1.228 .00 2.92 .004 Hypothesis 4: accepted 

Review rating X 

the number of 

reviews 

3.095 .02 2.79 .005 Hypothesis 5: accepted 

Number of positive 

words X the 

number of reviews 

−1.519 .01 −3.92 .000 Hypothesis 6: rejected 

Review depth X 

review helpfulness 

−.367 3.37 −2.23 .026 Hypothesis 7: rejected 

Review rating X 

review helpfulness 

−.068 20.05 −.33 .739 Hypothesis 8: rejected 

Number of positive 

words X review 

helpfulness 

.410 7.68 2.32 .021 Hypothesis 9: accepted 

F= 6.871, p = 0.000 
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In order to test the research hypotheses regarding direct or moderation effects, we conducted a 

multiple regression analysis with interaction terms (Table 3). The significance of the coefficient 

estimates for these terms in this regression can be used to test our research hypotheses. Furthermore, 

our study utilized data-mining techniques to examine the predictive performance for hotel booking 

prices using eWOM factors. The effects of the review depth and review ratings on hotel booking 

prices are significant and positive, thus confirming hypotheses 1 and 2, which state that the volume 

and valence of eWOM are crucial factors that determine hotel booking prices, thus representing the 

value of service. The effects of the review depth, the review rating, and depth on prices are 

moderated by the number of reviews, which is another dimension of the eWOM volume, meaning 

that hypotheses 4 and 5 can be accepted. Given identical review depth and review rating levels, this 

shows that the number of reviews is a crucial positive weighting factor that affects price differences. 

The number of positive words is moderated by review helpfulness to have an effect on price, thus 

confirming hypothesis 9. Given that there is a certain level of positive review sentiment, this shows 

that review helpfulness provides an important weighting effect on the price.  

Negative and significant direct effects are found regarding the number of reviews and the 

number of positive words (hypothesis 6). In addition, negative moderating effects exist between the 

review depth and review helpfulness (hypothesis 7). These negative direct and moderating effects 

indicate that these coefficients are negative and significant in the multiple regression analysis due to 

their reverse effects on price relative to the positive and significant factors. It can be assumed that 

these factors and their pairs operate to lower hotel booking prices. The ultimate price increase 

depends on how much the positive effects of the eWOM factors overwhelm the effects of the 

negative eWOM factors.  

Previous studies show that data mining is a promising method in tourism and hospitality, 

especially when based on a big-data approach using manifold sources (Schuckert et al., 2015). This 

research adopts ensemble methods based on machine learning to predict hotel booking prices. 

Decision trees, k-nearest neighbors, and neural networks are used as machine learning methods. This 

study utilizes ensemble methods (i.e., bagging and boosting) applied to decision trees, k-nearest 

neighbors, and neural networks to improve the forecasting efficiency. The root mean squared errors 

of the validation sample for each subsample in a 45-fold cross-validation process were obtained and 

used to compare the prediction performance capabilities of the machine learning methods.  

The decision tree method using ensemble methods was compared with the k-nearest neighbors 

and neural networks using the ensemble methods. In the ensemble methods, individual forecasts 

using three decision trees were combined and averaged, after which they were compared with the 

k-nearest neighbors and neural networks using the ensemble methods. The predicted values were 

averaged to produce a single prediction from the combined model. The steps used in this study are 

data collection, variable selection, and the application of predictive analytics based on decision trees, 

k-nearest neighbors, and neural networks using the ensemble methods to compare the prediction 

accuracy of each method. 

The model performance assessment was conducted with these steps for data partition to produce 

prediction errors in the validation sample, where the study sample was divided into training and 

validation samples. The input variables are as follows: the average number reviews, the average 

review rating, the average review helpfulness, the average number of positive words, the average 

number of negative words, the average review depth, and the review volume (i.e., depth multiplied 

by the number of reviews).  

While the training sample was used to estimate the parameters or weights in the suggested 

multiple models, the validation sample was adopted to show the predictive performance of each 
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learned model from the training sample. The predictive models were composed of seven input 

variables and one output variable (i.e., price). The prediction errors in the validation sample were 

suggested in terms of the root mean square error (RMSE).  

The tool utilized for the model training and testing step is the analytical solver platform, version 

2022, which enables predictive analyses using different ensemble methods. Twenty hotels were 

partitioned as the validation sample, while the remaining 907 hotels served as the training sample. In 

addition, 46-fold cross-validation partition samples were used, for which the machine learning 

methods provided a prediction of the price, after which these predicted price values were compared 

with the actual price values in the validation sample. The validation samples in each of the 46-fold 

sample set produced 46 errors when using predictive analytics methods. 

Table 4. T-test results for the difference in the RMSEs of predictive analytics. 

RMSE difference for predictive analytics 
Average 

difference 
t value 

# of test samples 

compared 

p 

value 

Decision trees with bagging Neural networks with boosting −49.27  −5.38  45 .000 

Decision trees with bagging Automated neural networks −102.15  −13.07  45 .000 

Decision trees with bagging Neural networks with bagging −136.44  −15.42  45 .000 

Decision trees with bagging Neural networks −202.30 −18.97  45 .000 

Decision trees with bagging k-nearest neighbors with best k −9.12  −3.94  45 .000 

Decision trees with bagging k-nearest neighbors with bagging −23.19  −6.28  45 .000 

Decision trees with bagging k-nearest neighbors with boosting −37.73  −6.99  45 .000 

Decision trees with boosting Neural networks with boosting −45.39  −4.43  45 .000 

Decision trees with boosting Automated neural networks −98.27  −12.29  45 .000 

Decision trees with boosting Neural networks with bagging −132.56  −14.82  45 .000 

Decision trees with boosting Neural networks −198.42 −18.54 45 .000 

Decision trees with boosting k-nearest neighbors with best k −5.24  −1.52  45 .134 

Decision trees with boosting k-nearest neighbors with bagging −19.30  −4.22  45 .000 

Decision trees with boosting k-nearest neighbors with boosting −33.85  −5.65  45 .000 

k-nearest neighbors with best k  k-nearest neighbors with boosting −28.61  −7.45  45 .000 

k-nearest neighbors with best k  Automated neural networks −93.03  −10.89  45 .000 

k-nearest neighbors with best k Neural networks with bagging −127.32  −13.43  45 .000 

k-nearest neighbors with best k Neural networks −193.18  −17.08  45 .000 

k-nearest neighbors with bagging  Neural networks with boosting −26.08  −2.57  45 .013 

k-nearest neighbors with bagging Automated neural networks −78.96  −8.81  45 .000 

k-nearest neighbors with bagging Neural networks with bagging −113.25  −11.64  45 .000 

k-nearest neighbors with bagging Neural networks −179.12  −15.46  45 .000 

k-nearest neighbors with boosting Neural networks with boosting −11.54  −1.05  45 .301 

k-nearest neighbors with boosting Automated neural networks −64.42  −7.05  45 .000 

k-nearest neighbors with boosting Neural networks with bagging −98.71  −10.13  45 .000 

k-nearest neighbors with boosting Neural networks −164.58  −14.22  45 .000 

k-nearest neighbors Neural networks with boosting −9.70  −0.87  45 .388 

k-nearest neighbors Automated neural networks −62.58  −6.81  45 .000 

k-nearest neighbors Neural networks with bagging −96.87  −9.90  45 .000 

k-nearest neighbors Neural networks  −162.73  −14.03  45 .000 

 

The t-test results for the comparison of the RMSEs between two different data-mining methods 

showed that decision trees with bagging methods are the best methods among the ensemble methods 
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based on bagging and boosting based on decision trees, k-nearest neighbor methods, and neural 

networks (Table 4). Figure 2 shows the results of the comparison of RMSEs among the 

ensemble-based methods employed in this study. This shows that decision trees with bagging or 

boosting methods outperform the other methods. 

 

 

Figure 2. Comparison of RMSE among ensemble-based machine learning methods (Y axis is RMSE). 

6. Discussion 

Our study results indicate that the review depth and rating have a direct effect on hotel booking 

prices, thus indicating that price changes can be partially predicted by the average length of online 

reviews and how often customers provide a good evaluation of a hotel service. There were 

significant effects of eWOM factors on booking prices, which can be regarded as representing the 

perceived value of the hotel service. Given that the hotel booking prices greatly affect a consumer’s 

purchase decisions (Mazumdar et al., 2005), especially in the hotel industry, which is characterized 

by price (Viglia et al., 2016), examining the effects of eWOM factors on hotel booking prices will 

crucially improve our understanding of the effects of eWOM on hotel performance outcomes.  

Furthermore, a significant moderating relationship exists between the review depth and the 

number of reviews and between the review rating and the number of reviews; this shows that the 

number of reviews is a crucial weighting factor, which strengthens the effects of the review depth 

and rating on price. This supports earlier findings, such as those by Khare et al. (2011), Nieto-García 

et al. (2017), and Wu (2017), which collectively reviewed the volume representing both the 

informative value and a credibility cue. When eWOM factors are shown to customers in a large 

quantity, it can result in a stronger association between other eWOM factors and hotel booking prices, 

thus subsequently supporting the consumer’s decision making regarding their hotel accommodation 

based on the other eWOM factors and hotel booking prices.  

In a similar vein, the impact of the number of positive words on prices is affected by the review 

helpfulness, which shows that review helpfulness serves as a weighting factor for the effect of 

eWOM sentiment on price. This is in line with previous studies regarding the association between 

eWOM factors and the review helpfulness (Siering et al., 2018; Wu, 2017), and with the findings of 
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Lee and Choeh (2020, 2023), who suggested that the review helpfulness can promote the informative 

value of the corresponding hotel’s online reviews. Our results show that the review helpfulness can 

strengthen the impact of the relationship between eWOM factors and hotel booking prices, thus 

supporting a customer’s decision making regarding their hotel accommodation. 

Cased on cross-validation partition, the comparison results when applying various 

ensemble-based machine learning methods to predict prices using eWOM factors show that 

ensemble methods (bagging and boosting) based on decision trees outperform ensemble methods 

based on k-nearest neighbor methods and neural networks. Given its novel approach to support a 

customer’s decision making regarding hotel accommodations, our study can augment the literature 

on predictions using eWOM factors for product sales, thus presenting effective ensemble-based 

methods to predict hotel booking prices. This indicates that bagging and boosting methods are 

promising ways to improve prediction performance outcomes when using decision trees.  

7. Conclusions 

Our study suggests explanatory and predictive analytics using a regression analysis and 

ensemble-based machine learning methods for eWOM factors and hotel booking prices. This study 

utilized publicly available data from https://www.booking.com to build a sample of eWOM factors. 

The final study sample consisted of 927 hotels. The study comprised crucial eWOM determinants 

from previous studies of eWOM factors and online revenue. The three important variables are the 

review depth, reviewer ratings, and the number of positive words. The number of reviews and the 

degree of review helpfulness are moderators that affect the relationship between eWOM factors and 

the prices of hotel services. Based on a multivariate regression analysis with interaction terms, the 

important eWOM factors that affect hotel prices are the review depth and review rating, which are 

moderated by the number of reviews to affect the price. The effect of the number of positive words is 

moderated by the review helpfulness to affect the price. The review depth and rating factors, along 

with the number of reviews, should be considered when designing a hotel service, as these provide a 

rationale for adjusting the prices of various aspects of hotel services. The results of this study offer us 

a better understanding of accommodation prices of hotel services as affected by eWOM factors. 

Furthermore, the comparison results when applying various ensemble-based machine learning 

methods to predict prices using eWOM factors based on 46-fold cross-validation partition indicate 

that ensemble methods (bagging and boosting) based on decision trees outperform ensemble methods 

based on k-nearest neighbor methods and neural networks. This shows that bagging and boosting 

methods are effective ways to improve prediction performance outcomes when using decision trees. 

Our study can expand the literature on predictions using eWOM factors for hotel booking prices by 

introducing a novel approach to aid a customer’s decision-making activities regarding their hotel 

accommodation, thus showcasing effective ensemble-based methods to predict hotel booking prices.  

8. Implications for researchers 

Our study builds on previous studies regarding eWOM factors and hotel booking prices by 

showing the moderating effects of the eWOM volume and helpfulness votes on the relationship 

between eWOM factors (i.e., valence and sentiment) and booking prices.  

Regarding the eWOM volume and helpfulness votes, a large number of comments or helpful 

reviews are desirable for hotels with positive ratings and reviews that satisfy their clients’ 
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expectations. For such hotels, the positive effect of valence and sentiment can be enhanced by the 

volume and helpfulness of votes.  

eWOM is defined as any words or discussions regarding certain goods, a service, or an 

enterprise, either positive or negative, and that are accessible by anyone online (Hennig-Thurau, 

Gwinner, Walsh, & Gremler, Citation2004). Litvin, Goldsmith, and Pan (Citation2008) adapted 

Westbrook’s (Citation1987, p. 461) definition of WOM to the electronic world, since “all informal 

communications directed at consumers through Internet-based technology related to the usage or 

characteristics of particular goods and services, or their sellers.” This study adopted the latter 

definition, referring to all informal communications by Airbnb consumers through the Internet as 

eWOM, which is related to the usage or characteristics of booking and living in Airbnb 

accommodations. 

Our study can contribute to the research of the effects of eWOM factors on the booking prices 

of hotels. Given that eWOM is positively related to perceived value (Liang et al., 2018), it can have 

an effect on the accommodation prices. Our results are in line with previous studies that examined 

the effects of eWOM factors on the perceived value. For example, Gruen et al. (2006) found a direct 

positive influence of eWOM factors on the perceived value, and Cheung et al. (2009) posited that 

eWOM plays an informational and normative role by influencing a consumer’s beliefs and 

conformity, thus affecting their perceived value. Since there was a lack of studies regarding the 

relationships among eWOM factors, the perceived value, and prices, our study provides insights to 

fill this gap. 

Our study also has limitations that would benefit from future studies. First, although we 

developed the hypotheses regarding the impact of three eWOM factors on hotel booking prices, our 

study does not include hotel accommodation rates or sales in our model. There is a need to examine 

how hotel booking sales are affected by eWOM factors, and it is necessary to apply machine learning 

methods to predict hotel sales using eWOM factors in a future study. Second, our study is in the 

exploratory stage to set hotel bookings as a dependable variable of eWOM; in future work, it will be 

necessary to test other moderators based on hotel characteristics in the relationship between eWOM 

factors and hotel booking prices. Third, other adapted types of machine learning methods can also be 

employed to improve the prediction performance for hotel booking prices.  

9. Implications for practitioners 

Our results suggest that hospitality managers need to evaluate and adjust their prices according 

to the eWOM volume, valence, helpfulness, and the sentiments that online reviews provide about 

their accommodations. Online reputations should play an important role in price decisions (Abrate 

and Viglia, 2016). When eWOM factors for a hotel exist in a large quantity or are very helpful, it can 

result in a stronger association between other eWOM factors and hotel booking prices, thus 

subsequently supporting a marketing manager’s decisions regarding their price strategy based on the 

other eWOM factors and hotel booking prices.  

Therefore, hospitality operators should make an effort to meet their clients and promote their 

desire to post feedback, which is preferred to be helpful. Then, the resulting online reputation can 

facilitate a price increase, which will directly affect their net profit. Our study can provide a viable 

prediction approach that uses eWOM factors for hotel booking prices in the form of a novel 

ensemble-based machine learning method to support a marketing manager’s decisions regarding 

their price strategy and hotel services. 
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