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1|Introduction   

With the development of the Internet and other technological applications (e.g., mobile apps), retail e-

commerce revenues worldwide are projected to reach $4.88 trillion in the next four years [1]. Before and after 

purchases, more and more Internet consumers are reading and providing, respectively, product 'review 

comments' and 'rating scores' as ways to evaluate potential purchases and communicate with online retailers 

and other consumers [2, 3]. Consumers' reviews of the products they have purchased are not just for relating 
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The existing and most commonly used information systems and consumer studies on the functional aspect of 

'reputation systems have two streams: the 'rating systems and the 'review content systems'. Both systems are offered 

by most of the popular e-commerce retailers to enhance customer communication experiences. However, there is 

limited research on the relationship between customers' rating scores and the sentiments expressed in their review 

contents, which significantly affects the reliability of the overall review in the reputation systems. A computational 

linguistics approach (Semantic orientation approach) using Amazon's (UK) product review data (34,621 reviews) is 

employed to unveil the gap between the numerical ratings and the sentiments of review contents from the two 

reputation systems. Results show that although customers give the same high rating for products that have a 

lower/higher overall rating, the customers' expressions of sentiment in the review content are actually less/more 

positive compared to products that have a higher/lower overall rating. 
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their satisfying/unsatisfying experience to online retailers but also for informing and advising other 

consumers about their possible purchases [4, 5]. 

The existing information systems and online consumer studies on the functional aspect of 'reputation systems 

have two main streams. One stream focuses on the 'rating systems' [6, 7], in which customers provide a 

(structured) rating score (e.g., from 1 star for very disappointed to 5 stars for very satisfied) regarding their 

purchase experiences; this score is averaged with other customers' rating scores, and the overall rating (score) 

is usually displayed on the product's webpage and used as an indicator of product popularity. Most of the 

existing studies on rating systems reveal that customers tend to give higher scores when they actually feel 

satisfied by and happy with the product which they have consumed [8, 9], although, in some cases, a peer-to-

peer rating reputation system (buyers rate sellers and sellers can also rate buyers, e.g., as they do on eBay) can 

lead to most of the rating scores being too high and overly positive [10].    

Another stream focuses on 'review content (un-structured/open-ended comments) systems' [11]. Consumers 

write and leave their comments regarding their buying experience on the retailer's website. The content of the 

reviews can be positive, negative, or a mixture of positive and negative [12, 13]. The word/tone can be strong 

or soft when reflecting the commenter's sentiments [14]. Unsurprisingly, existing studies show that positive 

sentiment expressed in review content is positively related to consumers' positive product experiences. When 

consumers are satisfied/unsatisfied with the products for which they paid, they are likely to express and post 

positive/negative sentiments in their reviews [15]. Researchers have suggested that these two main online 

reputation systems are useful forms with which to communicate with customers. In practice, popular e-

commerce retailers, such as Amazon, offer both rating and review content reputation systems on their 

websites. Their customers are invited to rate and comment on products after their purchases. The customers' 

ID is displayed along with their individual ratings and review content. Potential customers should theoretically 

be able to expect consistency between the high/low ratings (scores) and positive/negative sentiments 

expressed in the review contents and reasonably get a chance to have a fair view of the products through 

reading this information. 

Nevertheless, the social comparisons and anchoring effect theories suggest that this might not be so 

straightforward. Before making judgements, people tend to evaluate their opinions and abilities by comparing 

themselves to others and then finding objects as standards (anchors). These anchors then affect their 

subsequent judgements [16]. In the case of reputation systems, before providing their own ratings and review 

content, customers would review and use other customers' review comments and ratings of the product as 

their anchors. This customer know-how exchange impacts customers' perceptions of product value and their 

likelihood of recommending the product [17, 18, 19]. 

Additionally, recent affective influence studies suggest that people are sensitive to different forms of 

information and that, in particular, visuals are more powerful than words. In fact, an individual's subsequent 

intentions and behaviours can be affected differently by the different forms of information that they receive 

[20]. That is when customers were asked to rate their product experience with a number (e.g., from 1 star to 

5 stars) and provide review comments, their ratings and sentiments could have been affected differently by 

different forms of anchors (information). This difference could lead to a customer's ratings and sentiments 

exhibiting a gap when the two types of online reputation systems are both offered through one online 

shopping platform. 

The gap between the ratings and sentiments expressed in the review contents may confuse and decrease trust 

from potential consumers, particularly in the case of products which have an overall positive rating. If the 

ratings provided by customers are actually biased by the anchor and do not reflect objectively the actual quality 

and the customer's true experiences with the product, potential customers may have false expectations. False 

expectations can lead to unhappy customers [21] and damage the reputation of the retailer.  

To the best of our knowledge, no study thus far has examined the relationship between online ratings-based 

and review content-based reputation systems and explored how previous ratings and sentiments may affect 

customers' ratings and sentiments. Furthermore, most of the research on online consumer and reputation 
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systems only applied experimental methods or questionnaires/surveys. Although these methodologies 

provide interesting and useful insights, a drawback is the artificiality of the setting. For this study, a 

computational linguistics approach (semantic orientation approach, SOA) using Amazon's (UK) 'Best Sellers' 

section product review data for the end of February 2023 (34,621 product reviews) is employed to explore 

and demonstrate the relationship between consumers' sentiments in their online review contents and their 

product ratings. Understanding how customers' review contents and ratings might be affected by previous 

reviews not only informs the design of reputation systems but also empowers online retailers to manage their 

customers' product experiences. 

 

 2|Literature Review  

 2.1| Product ratings and the sentiments of review contents 

Before we turn to theoretical considerations, we first define the terms in the given context explicitly, as 

existing product review studies have used their own terms within different platforms and contexts. As 

mentioned earlier, many popular e-commerce platforms provide both types of reputation systems. Product 

review for these platforms is composed of two components: review content and ratings. A rating in this study 

indicates the structured score (in Amazon's case, the number of stars) given by reviewers (customers). The 

overall rating of a product is calculated automatically by the reputation system and is the average of all the 

customers' ratings. As the overall rating provides a comparison criterion for similar products in the same 

product category, the impact of the overall product rating on customer purchase decisions and product sales 

is critical [22]. Review content is the body of the review written by reviewers (customers). Review contents 

can range from one word to paragraphs (unstructured, with no specific word limit). The sentiment expressed 

in the review content indicates the strength of the review content, be it positive or negative. This includes the 

use of words (e.g., excellent, good, bad, and terrible) which reflect reviewers' experiences. The interface for 

Amazon's reputation system, which is a representative e-commerce platform, is used as an example to 

illustrate these terms (See Figure 1). 

In addition, as shown in Figure 2, Amazon's reputation system displays ten recently published review contents 

and ratings on the first page along with the product. Customers can provide comments by using the comment 

function at the bottom of existing reviews. Customers are invited to provide their review contents and ratings 

after their purchase, and these new comments will show up on the product page along with the other recently 

published reviews. 

 

Fig. 1. Components of the Amazon Review interface. 
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Fig. 2. User Interface (Amazon) of the product review platform (reputation systems) 

 2.2| Personal image, anchoring effect, and politeness theory 

Psychologists indicate that within a community, maintaining a positive personal image and earning self‐worth 

is important to its members [23]. Although interactions and communications are not physically face-to-face, 

online community members still show significant intentions of protecting their online personal image [2]. E-

commerce platforms create communities for sellers and buyers; the profile and activities which a member has 

and partakes in, respectively, in an online community illustrate and promote the member's online personal 

image [24]. 

The social image and identity theories propose that in order to maintain a positive personal image, individuals 

tend to compare their personal experience and perceptions towards an objective with other community 

members before making judgements/comments [25]. The social comparison theory indicates that there is a 

drive within individuals to make accurate self-evaluations [26]. The theory illustrates that individuals evaluate 

their own opinions by comparing themselves to others in order to reduce uncertainty in these domains. 

Through reputation systems, customers can use other customers' comments as standards, particularly those 

comments that were published close to the date when they bought the product and formed their own 

judgement [27]. Customers do this to avoid submitting a biased or incorrect review, which would negatively 

affect their image. By selecting standards, a customer can ensure that their experience is not too inconsistent 

with those of others. An extremely inconsistent experience could be due to personal subjective bias, such as 

having too high of expectations (compared to others) or lacking relevant product knowledge. For instance, a 

customer could break a newly purchased product due to not knowing how to use it. Although breaking a 

product could lead to a negative product experience, rating a product with an extremely low score in the 

online community and describing this experience in a very negative way could lead to other community 

members' (other customers') criticisms, including suggestions to read the product guide more carefully before 

using the product. The commenter also runs the risk of being seen or labelled as unprofessional, negatively 

influencing their personal image.  

Nevertheless, the anchoring effect theory indicates that the tendency for an individual to rely heavily on the 

initial standard information (aka an 'anchor') when making decisions can lead to a cognitive bias and that 



 Chang et al.| Manag. Anal. Soc. Insights. 1(1) (2024) 129-144 

133 

those objects near the anchor tend to be assimilated with it [28]. In other words, customers who create their 

own product reviews by relying on other customers' review contents/ratings (anchors) are expected to be 

consistent and in line with these existing previous reviews. Even though this could be of help in protecting 

personal images in the online community, the influence from the anchors could also lead to customers leaving 

out the facts and their real personal judgements. 

In addition, the politeness theory accounts for the redressing of affronts to a person's 'face' by face-

threatening acts [29]. Politeness is the expression of the information provider's intention to mitigate threats 

to face posed by certain face-threatening acts on the part of the information recipients. This situation arises, 

in particular, when people do not have enough information to refer to when making judgements [30]. In order 

to maintain a positive personal image, judgements tend to be gentle, conservative, and generous [29] with 

regard to other community members. Not giving an extremely negative review and rating for the seller's 

products can not only maintain harmonious relations between the buyers and the sellers, but it can also, more 

importantly, reduce passively commenters' uncertainties regarding the comments which are made due to 

personal subjective bias (especially in the case of personally perceived experiences, such as product usage 

experiences and not for significant product flaws, such as packaging and delivery damages). Therefore, 

particularly in the early stage of forming product reviews and ratings (anchors), the initial ratings entered into 

a reputation system will start high, and customer sentiment will be relatively neutral, especially in the case of 

unsatisfied customers. 

 2.3| Affective influence and forms of information 

Psychological studies on affective influence show evidence that individuals are affected by different forms of 

information. Different forms of information provided by individuals can also affect their personal images 

differently [20]. Iconology studies [31] demonstrate that people are more sensitive to symbols (e.g., 

rankings/numbers) and images (e.g., photos) than other forms of information. These forms of information 

are attractive, forming more directly the first image of an object and building information recipients' mental 

models more easily [32]. Therefore, when reading and providing this type of information, individuals tend to 

be more cautious, as it more directly reflects on the individual's self-presentation, identity, and online visual 

presence [20]. Although purely text-based messages can contain richer information than other forms of 

information, people are found to be relatively less affected when reading them, especially when a lot of 

information is provided. People usually do not consider every detail, and some are even influenced/biased by 

the effect size (i.e., length of the message/word count) of the message when processing text-based 

information [33]. Therefore, when providing text-based messages, people tend to be relatively more direct in 

expressing their sentiments. 

That is, when customers use previous customers' ratings and review content as anchors, they are more likely 

to approach doing their own ratings cautiously, particularly when downgrading the product. For instance, 

when previous customers rated the product as 4-star (out of 5 stars), later customers were likely to give a 

rating close to 4-star. The later customers would be restrained from giving a low rating (e.g., 1-star or 2-star). 

As discussed earlier, following this pattern helps customers maintain their personal images and reduces 

uncertainties, as numbers would more directly show their judgements to other customers in the community 

than text-based review content. Relatively speaking, customers' expressions of their sentiments in the pure 

text-based review contents are less affected than numerical ratings by anchoring bias, as text-based 

information recipients are less likely to look into every detail and identify specifically the different sentiments 

in all of the text comments. Text-based reviews affect the commenter's image relatively less than numerical 

scores do (and some systems, such as Amazon's, use gold stars to display the ratings, which makes the ratings 

even more prominent). Therefore, although customers refer to recently published review content before 

making their own comments, they are expected to detail their experiences and sentiments relatively directly. 

To sum up, the effects of maintaining a personal image, anchoring, and politeness could lead to a gap between 

online product ratings and the customers' sentiments in text-based review content. In the early stage of 
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forming the overall product ratings and review contents, with little information that could be used as an 

anchor, customers tend to be relatively polite, particularly when providing ratings. Compared to ratings, the 

sentiments that customers express in the reviews should more directly reflect their experience but also tend 

to be relatively neutral at this stage. After more ratings and review content are posted, those ratings and review 

content become anchors that could influence customers' ratings and review content later. In terms of 

maintaining a positive personal image, the anchoring effect should remain significant in rating trends, and the 

variation in ratings between consumers should stay small. Also, due to the politeness effect in the early stage 

of anchor formation, the ratings (and, therefore, the overall ratings) should remain comparatively high. On 

the contrary, text-based comments affect personal image less. Hence, sentiments in review contents should 

remain relatively direct and diverse throughout.  

Therefore, it is expected that overall (especially for those products for which the review trend has been 

formed), those customers who are not satisfied, due to the stronger affective influence and personal image 

protection evinced by ratings, would tend to be more in line with previous customers' ratings and give the 

product a high rating but express their negative sentiment in the review content. This phenomenon is 

expected to be observable, particularly when the overall rating of the products is in the medium range (e.g., 3 

- 4 out of 5). It should be observable because these overall medium-ranged rating products might be less 

satisfying than those products that have a high overall rating (e.g., 4.5 - 5 out of 5). However, as discussed, in 

order to maintain their image, some unhappy customers would still give a high rating to a product but express 

their negative sentiment in the review content. Thus, due to the degree of the anchoring effect on different 

information forms (number vs. text), a gap is expected to exist between the product rating and sentiments in 

the review content, leading to the following hypothesis: 

Hypothesis: Even though customers give the same high rating (e.g., 4 or 5stars out of 5 stars) for products 

which have a lower/higher overall rating, the customers' sentiments in the review content will tend to be relatively 

less/more positive compared to products which have a higher/lower overall rating. 

 

 3|Method 

 3.1| Data collection 

We collected the product review data from Amazon UK (https://www.amazon.co.uk/) using Python script 

with the HTML parsing library BeautifulSoup. We used all the Amazon-recommended 23 books to represent 

experience goods and 13 smart mobile devices to represent search goods from Amazon's 'Best Sellers' section 

at the end of February 2023 and crawled all the product reviews. It is worth noting that as all the products 

were from the 'Best Sellers' section and these products were recommended by the Amazon recommendation 

system, all the products had a relatively positive overall rating. In addition, only the review contents which 

received 4 or 5 stars from customers were used; the lower-rated review contents (below 3 stars) were excluded, 

as the data volumes were too small to derive meaningful statistics. In total, 34,261 reviews were collected and 

used for the analysis. 

 A computational linguistics approach, known as the semantic orientation approach (SOA), one of the main 

branches of sentiment analysis, was employed to calculate the sentiment of the review contents. The SOA is 

based on identifying and selecting sentiment words in test documents. The main concept of this approach is 

to classify the sentiment of words in a document to infer its semantic orientation, i.e. whether the document 

has a positive or negative opinion. To classify the sentiment of words, this approach usually uses external data 

sources, such as a corpus, which has a massive amount of textual data containing sentiment expressions, and 

a dictionary, which illustrates the polarity of a large number of words. The corpus and dictionary can provide 

a polarity score between -1 and 1 (-1 means extremely negative, and +1 means extremely positive). Studies 

based on SOA also use learning algorithms to construct a dictionary and a semantic network between words 

from a corpus; therefore, an approach using SOA can be considered to be a learning approach, as well. 
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Compared with a machine learning-based approach, which is another branch of sentiment analysis, SOA is 

more intuitive in terms of methodology when calculating sentiment. Also, SOA shows consistent accuracy, 

while the performance of a machine learning approach depends strongly on the quality of the training dataset 

[34].  

In this study, we use SentiWordnet [34] as the predefined sentiment lexicon resource for sentiment 

classification. It is the most popular open sentiment lexicon resource, which is used for automatic sentiment 

classification. The synonyms, antonyms, and hierarchies in SentiWordnet, along with sentiment, can be used 

to determine the polarity of documents [35]. Many sentiment classification tasks extract sentimental words 

directly from SentiWordNet to avoid a manual sentiment lexicon or build a new lexicon from a massive 

dataset using the additional learning approach [36]. To classify the sentiment of a given document using a 

lexicon resource, such as SentiWordNet, the elements of a vectorized document need to be tagged 

grammatically, i.e., with part-of-speech tags. In corpus and computational linguistics, part-of-speech tagging 

(POS tagging) is the process which is used to make up a word in a text (corpus) corresponding to a particular 

part of speech, such as noun, verb, and adjective in this study. Automatic POS tagging has a long history in 

computational linguistic studies, and its tagging accuracy has reached over 97% [37, 38]. POS-tagged 

document vectors can be scored by comparing adjectives/adverbs/verbs in documents with their polarity 

scores in SentiWordNet (for example, the adjective 'bad' has a polarity score of -0.625 and 'worst' has a score 

of -0.75 in SentiWordNet). The pseudo-code representing the overall procedure for SOA used in this study 

is presented in Figure 3. 

 

Fig. 1. Pseudo code for SOA approach in this study 

 3.2| Analysis design and method 

As hypothesized, the research question for this study comes from the expected gap between the ratings and 

sentiments of reviews, and the main factor leading to this gap could be hinted at by the product's overall 

rating. If the gap does not exist, the overall ratings should reflect the average sentiment of customers' review 

content. But, if the gap does exist, then there should be inconsistencies in sentiments across products which 

have the same rating but different overall ratings.  

With this notion in mind, we designed the data analysis to verify the impact of the overall rating on the gap 

between the rating and customers' sentiments in the review comments. After calculating the sentiment score 

of all the collected reviews (comments) using the computational linguistics approach (sentiment calculator), 

we sorted and summarised the review data by 1) the rating for each product and 2) the calculation of the 

average sentiment of the review comments for differently rated reviews as a form of 'sentiment table' (the 

processes are depicted in Figure 2). We repeated this process for all of the products (23 books and 13 smart 

mobile devices) and compared all of the sentiment tables.  

Presumably, all the review comments which have the same rating should have a similar level of sentiment, 

regardless of whether or not the products follow the rating scheme proposed by the review interface. Suppose 

significantly different levels of sentiment for reviews with the same rating can be found across different 

products with different overall ratings. In that case, we can indirectly affirm the misalignment between ratings 
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and review sentiments. It is worth noting the point we are arguing is that the approach being utilized relies 

on indirect, instead of direct, affirmation, i.e., we are not able to define the 'absolute' sentiment of a 5-star or 

4-star rated review. We can only investigate the gap between ratings and the sentiments of review contents 

by identifying the variation in sentiments within the review contents with the same rating across different 

products. 

 

Fig. 2. Example of creating a sentiment table from product reviews 

 4| Results 

 4.1| Testing of book category 

As indicated earlier, we investigated two product categories – best-selling books and smart mobile devices. 

This is to ensure that any gap found between the sentiments of review contents and ratings is a generalized 

phenomenon and not moderated by product type (experience goods or search goods). Table 1 represents the 

aggregate of the sentiment tables for all 23 books and the average sentiments of the review contents when 

the books received a 4-star or 5-star rating from customers. 

Table 1. Aggregated sentiment table for the book category 

Book ID Overall Rating 

Average Sentiment of Review Contents 

Customers who rated the 
product 4-star 

Customers who rated the 
product 5-star 

Book 1 4.7649 0.3325 0.3840 
Book 2 4.1667 0.2065 0.2605 
Book 3 4.6541 0.3210 0.3667 
Book 4 4.1488 0.1751 0.1957 
Book 5 4.6096 0.2853 0.3097 
Book 6 4.5423 0.3498 0.3396 
Book 7 4.0743 0.2492 0.2609 
Book 8 4.2356 0.3069 0.3543 
Book 9 4.3295 0.3789 0.3798 
Book 10 3.7316 0.2497 0.2482 
Book 11 4.4460 0.3427 0.3601 
Book 12 4.2536 0.2183 0.2663 
Book 13 4.6265 0.4531 0.4527 
Book 14 3.5021 0.2162 0.2079 
Book 15 4.1380 0.3419 0.3277 
Book 16 4.4647 0.3159 0.3026 
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To investigate the relationship between product overall rating and average sentiment expressed in these 5-/4-

star rated review contents, we conducted a linear regression analysis to statistically affirm the impact of overall 

ratings on the sentiment of review contents. As depicted in Figure 3, the average sentiments for the 5-star 

rated review contents were positively impacted by the overall product reviews. The 5-star rated review 

contents in higher overall rated products (4-star to 5-star) were more positive than the 5-star rated review 

contents in lower overall rated products (3-star to 4-star). That is to say, even though the product received 

the same 5-star rating from these customers, the level of sentiment varied within the overall product rating. 

This showed that a gap between the ratings and sentiments expressed in the review contents existed and that 

this was more observable in products which had a lower overall rating; some of the 5-star reviews in lower-

rated products were considered to be not positive enough (not that positive) to be rated 5-star. The significant 

positive relationship [t = 5.984, p < .01] between the average sentiments of the 5-star rated review contents 

and overall rating supported this finding. In addition, more than 61% of the variability in the average 

sentiments expressed in the 5-star-rated review contents can be explained by the product's overall ratings. 

This indicated that product overall rating is an important factor in the inconsistency between sentiments in 

review contents and ratings. 

 

Fig. 3. Overall rating score vs. the average sentiment of the 5-star rated review contents (book category) 

Table 2. Regression analysis results for 5-star rated reviews (book category) 
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A similar result was obtained for the book reviews, which had been rated with a 4-star rating by customers 

(see Figure 6). The Adjusted R-square [= .476] was slightly less than that of the 5-star rating case, but the 

relationship was also found to be significant [t = 4.581, p < .01] (See Table 3). 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Overall rating score vs. the average sentiment of the 4-star rated review contents (book category) 

Table 3. Regression analysis results for 4-star rated reviews (book category) 

 

 

 

 4.1| Testing of smart mobile device category 

Table 4 presents the average sentiment of the 5-star and 4-star rated review contents of the 13 smart mobile 

products. To investigate the relationship between product overall rating and the average sentiment expressed 

in 5-/4-star rated review contents, the same analyses as those used for the book category products were 

conducted. 

Table 4. Aggregated sentiment table for the smart mobile device category 
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As presented in Figure 5 and Table 5, the product's overall rating showed a significant relationship [t = 4.383, 

p < .01] with the average sentiments of the 5-star rated review contents. It should be noted that 60.2% of the 

average sentiment's variability can be explained by overall product rating in this case. 

 

Fig. 4. Overall rating score vs. the average sentiment of the 5-star rated review contents  

(smart mobile device category) 

Table 3. Regression analysis results for 5-star rated reviews (smart mobile device category) 
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45.4% of the average sentiment's variability could be explained by the overall product rating, which also 
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supported reasonably the importance of the influence of the product's overall rating on the gap between 

sentiments expressed in review contents and ratings. 

 

Fig. 5. Overall rating score vs. the average sentiments of the 4-star rated review contents  

(smart mobile device category) 

Table 3. Regression analysis results for 4-star rated reviews (smart mobile device category) 

 

 

 

 

There is a slight variation in the Adjusted R-square results for the four regression models, but all of the results 

are consistent in terms of the relationship between the product's overall rating and the average sentiment 

expressed in the reviews. Therefore, these results support the hypothesis by demonstrating that even though 

customers give the same high rating for products which have a lower/higher overall rating, the customers' 

expressions of sentiment in the review content tend to be relatively less/more positive compared to products 

which have a higher/lower overall rating. 
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perceive information given in different forms (numerical vs. text-based indicators) differently. Customers are 

more sensitive to numbers and are affected more effectively by the anchoring effect when reading and making 

comparisons between forms of numerical information. When giving product ratings, they tend to follow the 

previously published reviewers' ratings, and due to the impact of politeness, particularly in the early stage of 

forming the overall product rating, the ratings remain relatively high. However, customers are less sensitive 

to text-based content; when providing review comments, the sentiments tend to reflect relatively directly their 

experiences. These contradictions lead to the gap between the sentiments expressed in review comments and 

the rating scores, which is especially observable when the product has a relatively low overall rating. 

Customers who are not very happy give high ratings but express their negative sentiments in the review 

comments. 

The results provide useful insights into reputation systems for managers and designers. The product's overall 

rating has been demonstrated to be a critical factor affecting customer purchase decisions, and most of the 

existing reputation systems only generate the overall product ratings by simply averaging individual customers' 

ratings. The analysis results in this study raise very generic doubt about how exactly the product's overall 

rating reflects the customers' opinions. When it comes to the comparisons of two products with high vs. low 

overall ratings, the difference in the overall ratings between the two products can be smaller than their actual 

difference in terms of sentiments due to the inflated ratings for the product with the lower overall rating (i.e., 

the differences between overall rating 4.5 and 4.0 might be more than that expressed by the numerical gap of 

0.5). Due to the structures of the rating schemes and interfaces provided by the reputation systems, the overall 

product ratings can distort the rating-based product comparisons. In order to provide a more objective review 

that gives consumers a way to match their expectations and product performance, the system algorithm 

should also consider the sentiments of the review comments. Another possible system design suggestion for 

resolving this issue is to improve the interface of ratings-based reputation systems by providing explicit criteria 

for rating. Also, automatic rating recommendations for review commenters based on a machine-learning 

approach could present an alternative option. Using such a system would allow commenters to compare their 

intended rating with the proposed rating generated by the comparison of other reviewers' reviews. Most state-

of-the-art reputation systems based on product reviews still lack a systematic solution for avoiding reviewers' 

incorrect anchorings and over/under ratings. Hence, interface and system design practitioners need a solution 

to overcome these problems. For product management, retailers should not only put efforts into satisfying 

customers who literally gave the product a low rating (e.g., 1-star/2-star), but they should also look into 

customers' sentiments, as expressed in the review contents and deal with customers' negative sentiments 

carefully, even though these unhappy customers may have given the product a high rating score. 

This study also has methodological contributions. Apart from the traditional behavioural approach, we 

adopted a data analytics approach based on computational linguistics to investigate the phenomena and revisit 

the theory regarding human behaviours in reputation systems. By combining a computational linguistic 

approach using SOA and statistical analysis, we quantified and visualized the gap between customers' ratings 

and sentiments expressed in review contents. 

 5.2| Conclusion and suggestions for future works 

This study is the first to examine and demonstrate the gap between the two major reputation systems. This 

phenomenon has been found across product types, i.e., not only for those who experience goods for which 

customers usually refer to other customers' review comments while making their judgements due to the lack 

of objective indicators, but also for search goods, which can be compared relatively objectively using 

structured indicators. That is, the effect of anchors and the affective influence of the form of information 

could override the influence of the objective indicators and affect the final customer product reviews.  

The directions for future works fall into two categories: expanding datasets and adopting new methodologies. 

It is suggested that future studies adopt the big data analytics approach to collecting and analyzing massive 

product review datasets from various e-commerce sources and product categories. This will enable more 
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generalized arguments regarding rating behaviour on online platforms and how the gap between rating and 

sentiment expressed in a review comment can be affected by product categories. In addition, as highlighted 

earlier, this study took items for the two categories analyzed from Amazon UK's 'Best Sellers' recommend 

product list for data analysis; therefore, all of the selected products had an overall rating score above 3-star 

(neutral). Future studies are encouraged to examine products with a low overall rating score (e.g., below 3-

star) and test to see if the product's overall rating score could be a moderator in the gap between the two 

major reputation systems. This study can be expanded upon and strengthened by combining the data analytics 

approach with lab experiments. An experimental setting may provide the theoretical backbone behind 

customers' rating behaviours. In particular, anchoring behaviour could be investigated thoroughly in lab 

experiments, and the results could be combined with the data analytics results to maximize the synergy of the 

two different approaches. 

There is some work which should be done to take the next step; however, we believe that this topic has real 

potential in terms of theoretical and practical contributions by examining the gap between ratings and 

sentiments in review content, something which has not been considered and examined previously. Apart from 

the existing discourses on review helpfulness and the rating-revenue relationship, which have been covered 

extensively, we hope this paper opens the door to the exploration of the generic issues of human behaviour 

in product reviews and attracts further attention from researchers and practitioners alike. 
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