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Abstract  

Online consumer reviews have become the most important basis for online shopping and product sales. 

Fake reviews are generated to boost sales because online consumer reviews play a vital role in consumers’ 

decision making. The prevalence of fake reviews violates the regulations of the online business environment 

and misleads consumers in decision making. Thus, the present research investigates the effects of reviews’ 

linguistic characteristics (i.e., analytical thinking, authenticity) on review fakeness. Specifically, this research 

examines whether (1) the level of analytical thinking is lower for fake (vs. genuine) reviews (hypothesis 1) and 

(2) the level of authenticity is lower for fake (vs. genuine) reviews (hypothesis 2). This research analyzed user-

generated hotel reviews (genuine reviews, fake reviews) collected from MTurk. Linguistic Inquiry and Word 

Count (LIWC) 2022 was adopted to code review contents, and the hypotheses were tested using logistic 

regression. Consistent with the hypotheses 1 and 2, the results indicate that (1) analyticial thinking is 

negatively associated with review fakeness; and (2) authenticity is negatively associated with review fakeness. 

The findings provide important implications to identify fake reviews based on linguistic characteristics. 
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1. Introduction 

In recent years, as the e-commerce transaction model has been increasingly accepted by consumers, the 

success or failure of the business of online products and services is inseparable from the word-of-mouth from 

consumers. Previous studies have shown that online consumer reviews have become the most important basis 

for online shopping decisions and product sales [1, 2]. Based on the experience of prior consumers, online 

reviews significantly influence potential consumers in decision making [3]. For example, when selecting 

restaurants, consumers can learn about information, such as recommended dishes and dining environment from 

online reviews and then make purchase decisions.  

Fake reviews are online reviews that are fabricated to boost sales and mislead consumers because online 

reviews play a vital role in consumers’ decision making [4-7]. That is, fake reviews are generated to either 

promote one’s business or damage the reputation of competitors [8]. The prevalence of fake reviews violates 
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the regulations of the online business environment and misleads consumers in decision making [9]. Low 

credibility of online platforms and businesses will weaken consumers’ continuance intentions and hinder the 

development of online businesses [10-12]. Thus, fake reviews must be identified in website and business 

management. Online platforms strive to prevent or detect fake reviews [9]. For example, the Yelp website 

developed algorithms to detect and filter fake reviews. Researchers also endeavored to develop optimal 

techniques to discern fake reviews.  

Linguistic cues are widely used to distinguish fake reviews from genuine reviews because they are dissimilar 

in linguistic features [13]. Compared with the extensive efforts in optimizing linguistic analysis algorithms, 

the linguistic discrepancies based on psychological processes are under-researched [6]. Knowledge about the 

psychological mechanism underlying deception will complement the algorithm approach, and hence enhance 

the robustness of detection tools [6]. Therefore, this research aims to investigate the impact of linguistic 

characteristics (i.e., analytical thinking, authenticity) on review fakeness. Specifically, this research examines 

whether (1) the level of analytical thinking is lower for fake (vs. genuine) reviews (hypothesis 1); and (2) the 

level of authenticity is lower for fake (vs. genuine) reviews (hypothesis 2). 

 

2. Theoretical Background and Hypotheses Development 

2.1 Online Consumer Reviews and Computerized Text Analysis 

Computational linguistics attempts to provide an efficient and effective method for studying the emotional, 

cognitive, and structural components present in a person’s writing [14]. In fact, computational linguistic has 

been applied into different studies for understanding people’s psychological activities, because the functional 

and emotional words that people use provide important psychological implications for their thinking processes, 

emotional states, intentions and motivations [15]. Based on the writing text or speaking words, people’s 

underlying state of mind can be inferred and thus their personal characteristics can be summarized. Among the 

most commonly used computational linguistics software, Linguistic Inquiry and Word Count (LIWC) has been 

shown to be a useful tool in online review research. LIWC is a text analysis software that calculates the 

frequency and proportionality of words falling into specific linguistic categories [16]. Compared to other 

computerized text analysis tools, LIWC stands out for its user-friendly nature and affordable cost, making it 

appealing to service firms looking to analyze customer feedback [17]. It utilizes a language processing 

component and over 100 built-in dictionaries of words to analyze text data [15]. Each dictionary comprises a 

collection of words that define a particular category. LIWC compares each word in text data to the 

predetermined list of words in the LIWC dictionaries and counts the number of words falling into each category 

[18]. This information will be presented as the percentage of words within a specific text [17]. The 

categorization of the words provides insights into linguistic patterns (e.g., use of pronouns and emotional 

words) and psychological states. For example, the positive and negative emotion indicators in LIWC were also 

adopted for the review helpfulness forecast [19]. Additionally, sentiment scores from LIWC were employed 

in understanding the relationship between sentimental tone and review helpfulness [20]. 

Recently, computerized text analysis tools such as LIWC, IBM Watson, DICTION and T-lab, have gained 

popularity as powerful research instruments with which to conduct customer research [21]. Some of these tools 

are AI-based, which means it requires a large volume of text in order to complete an effective analysis [22]. A 

further type of computerized text analysis relies on the use of built-in dictionaries, where a piece of text is 

analyzed by comparing words contained in the text with those in a particular predefined dictionary [23]. 

Dictionary-based text analysis tools are effective with smaller datasets, such as online customer reviews, where 

each review typically comprises only a small number of words [24]. Making use of a computerized text analysis 
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tool with predefined dictionaries, allows for the creation of specific summary variables designed to identify 

psychological states, thinking styles, emotional tone and social concerns [14]. Additionally, it is suitable for 

the analysis of multilevel language use, as per SAT, offering service firms an alternative tool with which to 

measure and predict customers’ evaluation of their interactions with a firm, using verbatim online reviews.  

 

2.2 Analytical Thinking 

Analytical thinking is representative of the extent to which individuals use words that suggest the use of 

formal and hierarchical thinking patterns [25]. Higher analytical thinking is associated with more formal and 

logical text. People low in analytical thinking tend to write and think using language in a more narrative, 

informal, and personal ways. For example, analytical thinking is most apparent in an individual’s use of articles 

which typically signals concepts and prepositions which conveys the relationships between the concepts [26]. 

Individuals naturally differ in the extent to which they engage in analytical thinking, which is typically 

formalized and associated with more formal settings, as opposed to intuitive thinking.  

Research on automated linguistic analysis has highlighted that deceiving individuals lack the support of real 

experiences and memory, so they tend to communicate in a language that lacks complexity, detail and omits 

specific, analytical language [27]. The same study on deceptive language emphasized that deceptive senders 

use more informality in their messages than their respective receivers, including more typographical errors in 

written messages [27]. Deceivers use less analytical information and less clear and complete messages to 

manipulate content, not adding much detail and relevant information to their responses [28, 29]. There are 

significant differences in authentic communication, analytical writing style and text formalism as a function 

of the type of review [30]. Accordingly, 

 

H1. The level of analytical thinking is lower for fake (vs. genuine) reviews.  

 

2.3 Authenticity 

Authenticity is primarily concerned with credibility and trustworthiness. Communication research shows 

that when people reveal themselves in an authentic or honest way, they are more personal, disclosed, and 

vulnerable [14]. Their writings are likely to establish a relationship between themselves and their stories, to 

take responsibilities for their behavior. Conversely, people involved in deceptive communication tends to 

distant themselves by using fewer first and third person singular pronouns, more negative words, etc. [31]. 

People with an authentic writing style would be considered to have high credibility and be generally trusted 

by others [32, 33]. The summary variable for authenticity was developed following the prior research that 

investigated the linguistic features that differentiate true and false stories [31]. Their research identified that 

those misrepresenting the truth (i.e., being inauthentic) typically showed a lower cognitive complexity, used 

less self-reference and made use of more words presenting negative motions. Accordingly, 

 

H2. The level of authenticity is lower for fake (vs. genuine) reviews.  

 

3. Method 

3.1 Data Collection 

An online survey was conducted, where actual hotel service consumers were asked to create both genuine 

and fake reviews under the same conditions. To conduct this user-generated data collection, a general 
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population sample is employed from a common crowdsource platform, Amazon Mechanical Turk (MTurk) 

[34]. Because of low cost and convenient access, human subject samples collected using online surveys such 

as MTurk have been widely used in research for social sciences [35]. Yet, MTurk and other crowdsourcing 

websites have raised concerns about data quality. For instance, researchers have expressed concerns that 

MTurk participants self-select into experiments, which is not random sampling. Some of these participants 

participate in experiments too frequently, which makes them too familiar with common experimental 

paradigms [36]. Nevertheless, there are a lot of studies showing that MTurk data are generally comparable to 

data collected in traditional controlled labs if care is taken to screen the participants properly [37, 38].  

Using the survey on MTurk, 400 participants were obtained. The final sample (N = 400) was composed of 

215 females (53.8%) and 185 males (46.3%) who ranged in age from 18 to 75 years (mean = 35.65, SD = 

11.04). In terms of ethnicity, 68.5% of the sample Caucasian origin, 16.3% Asian, 7.0% Hispanic, 5.5% 

African American, and 2.8% Others. The majority of the respondents had a college or university degree 

(75.9%), and 8.3% of the respondents had a high school graducation only (7.8%) and less than high school 

graduation (0.5%), and 16.0% had a postgraduate degree. Regarding the annual household income, 17.5% of 

the respondents reported income of less than $25,000; 29.0% fell within an income range of $25,000 to $49,999; 

22.5% were in the $50,000 to $74,999 range; 15.0% were in the $75,000 to $99,999 range; 8.0% were in the 

$100,000 to $124,999 range; 3.8% were in the $125,000 to $149,999 range; 1.8% were in the $150,000 to 

$174,999 range; and 2.6% reported income of more than $175,000.  

 

3.2 Procedure and Measures 

Following the procedure adopted by previous research [39], the survey in this research presented both review 

writing requests, asking a participant to write a genuine positive review as well as a fake positive review. This 

important and energy-consuming task was placed early in the survey to collect high-quality reviews. In these 

tasks, this research focused on the hotel business, given that it has been widely used in detecting deceptive 

opinion spam in both computational linguistics and various text-mining applications in marketing [39].  

Review fakeness (the dependent variable) was operationalized through a binary division into genuine and 

fake reviews. Following the previous research [8], genuine reviews were coded as 0 and fake reviews as 1. In 

this research, indicators revealing fake reviews are identified: analytical thinking and authenticity. To identify 

analytical thinking and authenticity, this research adopted the Linguistic Inquiry and Word Count (LIWC) 

2022 because it is a widely used software system for text analysis and considered a reliable measure of the 

linguistic cues [14, 40, 41]. Analytical thinking is measured in LIWC by identifying formal, logical and 

hierarchical thinking patterns in text based on function words (e.g., pronouns, articles) and grammar words 

(e.g., prepositions, conjunctions) [13, 25]. Authenticity analyzes whether individuals communicate honestly, 

based on research showing that consumers are more personal, disclosed and vulnerable when authentic [13]. 

Thus, authenticity in LIWC detects whether people express in an authentic or honest way [31].  

 

3.3 Data Analysis 

Unstructured online review text data is widely recognized as a rich source of information that reflects 

consumers’ evaluations of products or services [42, 43]. The seemingly overwhelming volume of online data 

poses a challenge for firms to read them one by one, yet with the help of computerized text analysis tools, 

firms can quantify and predict consumer behavior [17]. Given that prior studies have called for more 

unstructured textual content and semantic analysis of online reviews [44, 45], this research performed a content 

and semantic analysis using LIWC-22 to convert user-generated content into numerical scales, based on 
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existing psychometrically tested scales and algorithms that include analytical thinking [25] and authenticity 

[31]. LIWC, one of the computerized text analyses, can predict consumers’ evaluations of their customer-firm 

interactions even without a quantitative measurement, for example, a star-rating system. This tool utilizes a 

text analysis module and pre-developed dictionaries to count words and determine their distributions along 

various linguistic pathways, such as emotions and cognitive processes [15]. The reliability and validity of 

LIWC in tourism and hospitality research has been tested and confirmed by numerous studies [40, 46]. LIWC 

was chosen on the basis that it offers its users a user-friendly and inexpensive means through which to analyze 

unstructured data, thereby aligning with the research purpose. There is strong empirical evidence to support 

the use of LIWC to discover meaningful linguistic insights relating to social relationships, emotionality, 

thinking styles and individual-level differences, based on natural language use [47]. In addition, to test the 

hypotheses 1 and 2, both one-way ANOVA and binary logistic regression analysis were performed.  

 

4. Results 

This research adopted binary logistic regression to analyze the collected data because the dependent variable 

is dichotomous. Considering that logistic regression is sensitive to multicollinearity issues, the correlation and 

multicollinearity tests were conducted in advance. Results show that all correlation coefficients are far below 

the threshold value of 0.8 (the highest value is the correlation between authenticity and review length (word 

count), which records 0.178) and the VIF scores are lower than the threshold value of 5 (the highest value is 

review length, which records 1.059). Thus, multicollinearity is not a concern for the logistic regression analysis. 

Prior to the logistic regression analysis, a one-way ANOVA was conducted to examine whether the means 

of predictors significantly differ between genuine and fake reviews. Table 1 shows that compared with genuine 

reviews, fake reviews have (1) fewer words (Mgenuine = 72.61, SD = 48.33, Mfake = 57.91, SD = 38.72; F(1, 798) 

= 22.55, p = .000), (2) lower analytical thinking (Mgenuine = 56.69, SD = 26.23, Mfake = 47.21, SD = 28.57; F(1, 

796) = 23.87, p = .000), and (3) lower authenticity (Mgenuine = 62.43, SD = 31.28, Mfake = 56.73, SD = 33.77; 

F(1, 790) = 6.090, p = .014).  

Table 2 shows the results of the logistic regression analysis. First, the control variable (review length: the 

number of the words in the review) was entered into the Model 1 based on previous findings. Model 2 added 

the analytical thinking and authenticity. Nagelkerke R² increased from 0.034 in Model 1 to 0.068 in Model 2, 

and Cox and Snell R² increased from 0.025 in Model 1 to 0.051 in Model 2. The increased R² suggests that 

Model 2 has better goodness of fit than Model 1. Specifically, in terms of goodness of fit, Model 2 explains 

6.8% of the total variance (Nagelkerke R² = .068) and correctly classified 61.6% of the sample respondents. 

Finally, the log-likelihood test, 2logλ = 1055.022 is significant at the .001 level. Consequently, the results 

indicate that the binary regression model has a good fit to the data. As shown in Model 2 in Table 2, fake (vs. 

genuine) reviews are found to be significantly lower in analytical thinking (Wald χ² = 18.08; p = .000; Exp(B) 

= 0.989) and authenticity (Wald χ² = 4.748; p = .029; Exp(B) = 0.995). Hence, H1 and H2 are supported, 

suggesting that both analytical thinking and authenticity are negatively associated with review fakeness. 

 

Table 1. Results of one-way ANOVA 

 Genuine Review   Fake Review  
F-value p-value 

Mean SD  Mean SD  

(1) Review length  

(2) Analytical thinking 

(3) Authenticity 

72.61 

56.69 

62.43 

48.33 

26.23 

31.28 

 57.91 

47.21 

56.73 

38.72 

28.57 

33.77 

 22.55 

23.87 

6.090 

.000 

.000 

.014 
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Table 2. Results of binary logistic regression 

  Model 1  Model 2 

  B SE  Wald Sig. Exp(B)  B SE  Wald Sig. Exp(B) 

 Control var. 

Review length 

 

Independent var. 

Analytical Thinking (H1) 

Authenticity (H2) 

 

-.008 

 

.002 

 

18.057 

 

.000 

 

.992 

  

-.006 

 

 

-.012 

-.005 

 

.002 

 

 

.003 

.002 

 

10.702 

 

 

18.08 

4.748 

 

.001 

 

 

.000 

.029 

 

.994 

 

 

.989 

.995 

 

5. Conclusion 

The present research investigates the impact of linguistic characteristics (i.e., analytical thinking, 

authenticity) on review fakeness. Specifically, this research examines whether (1) the level of analytical 

thinking is lower for fake (vs. genuine) reviews (hypothesis 1); and (2) the level of authenticity is lower for 

fake (vs. genuine) reviews (hypothesis 2). This research analyzed user-generated hotel reviews (genuine 

reviews, fake reviews) collected from MTurk. This research adopted LIWC-22 to code review contents, and 

the hypotheses were tested using logistic regression. In support of the hypotheses 1 and 2, the results indicate 

that (1) analytical thinking is negatively associated with review fakeness; and (2) authenticity is negatively 

associated with review fakeness. The findings provide important implications to identify fake reviews based 

on linguistic characteristics. 

Specifically, from the theoretical perspective, this research contributes to fake online review research in the 

fields of hospitality and tourism. This research is built on psychology theory about linguistic discrepancies 

between fake and genuine reviews. From the perspective of the psychological process, this research provides 

empirical evidence on the importance of considering linguistic characteristics in fake reviews. From the 

practical perspective, the research findings provide important managerial implications to identify fake reviews 

based on linguistic characteristics. For online review websites, especially those without a sophisticated 

algorithm for detecting fake reviews, the managers can improve the detection ability by analyzing the linguistic 

characteristics of reviews. Based on the research findings, online review websites can identify the reviews with 

a low level of analytical thinking and authenticity as the potential fake reviews. This research made use of 

LIWC software. Although LIWC analyzes text at the word level and might misinterpret the word’s contextual 

meaning, it can efficiently analyze massive volumes of unstructured data available online and generate 

quantitative insights into linguistic patterns. Besides, LIWC is suitable in the service marketing industry due 

to its price accessibility, time efficiency, and ease of use requiring no coding or development skills. Thus, 

managers can use LIWC to identify the potential fake reviews and then report to the review websites. In 

practice, hoteliers and restaurant operators can establish an automated process that could perform the content 

analysis of online reviews and use a review fakeness checker, usually integrated into the browser, which 

calculates the score of analytical thinking and authenticity. Through this, hoteliers and restaurant operators can 

reduce the damage to their reputation due to fake comments. Regarding the consumers, they may not be willing 

to spend time and effort in identifying fake reviews, but they should be wary of reviews with a low level of 

analytical thinking and authenticity if they want to make a proper purchase decision.  

Several limitations in this research should be noted. First, the samples were restricted to hotels. Future 

research should be replicated with reviews about other types of hospitality/tourism sectors, products or services 

to generalize the findings. Second, there is also potential interest in examining this topic on different online 

platforms (e.g., retailers, etailers, review aggregators, social media platforms, etc.). Different online platforms 
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attract diverse demographics and might have unique linguistic features, which provides different perspectives 

and insights. Future research should broaden the scope of the research by exploring many different platforms 

and gathering data from additional sources in order to understand how linguistic characteristics influence 

review fakeness. Third, while this research primarily focused on cognitive aspects of linguistic characteristics 

in the context of positive reviews, future studies should consider the dynamics of various linguistic 

characteristics including a variety of cognitive and emotional cues and examine the role of review valence, in 

response to the call for combining linguistic cues to identify review fakeness [13].  
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