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Abstract 39 

Purpose. The purpose of this study is to examine the internal consistency of wine guides by 40 

comparing the judgements of expert wine tasters and reviewers. A classification of wines is provided 41 

to establish whether expert reviews of similar wines are coherent.  42 

Design/methodology/approach. Sentiment analysis based on natural language processing 43 

techniques was used to compare quantitative and qualitative reviews between experts. In addition, a 44 

finite mixture model was used to classify wines into categories to analyse internal consistency 45 

between ratings. 46 

Findings. The results for a sample of more than 200,000 Wine Enthusiast ratings reveal significant 47 

differences between expert reviews. This finding indicates that there are no standard criteria for 48 

reviewing wines included in the guide. 49 

Originality. Wine guides are amongst the most widely used marketing resources in the wine industry. 50 

They provide a signal to consumers about the quality of wines, guiding their purchase decisions. They 51 

also influence the reputation of brands and the performance of companies producing these wines. The 52 

main contribution of this study is to propose a new way to compare the reviews of wine guide experts.  53 

 54 

Keywords: reputation, wine, expert ratings, sentiment analysis, finite mixture model, wine guides 55 
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1. Introduction  73 

Information influences users’ decision-making processes. However, information asymmetry 74 

generally exists in the buyer-seller relationship because each party has a different amount of 75 

information about products [1]. Research on experiential and hedonic consumption has shown that 76 

consumers’ behaviour is affected by “social influence including peer input (word-of-mouth) and 77 

judgments of respected experts (professional evaluations)” [2, p.180].  78 

Wine is an experience product whose quality cannot be assessed by consumers before purchase and 79 

consumption [3, 4]. This feature of wine increases the complexity of the purchase decision process. 80 

Thus, information asymmetries arise between consumers and winemakers in relation to product 81 

quality. Accordingly, high- and low-quality products can coexist in the market [5]. Wineries employ 82 

different marketing strategies to reduce these asymmetries and inform the market about the quality 83 

of their products [6]. Some use advertising in the mainstream media and encourage positive word-of-84 

mouth communication amongst consumers [7, 8]. They also use awards in national and international 85 

competitions as part of their branding and communication strategies [6]. Finally, receiving high 86 

ratings in well-known wine guides, which are managed by experts and prescribers, can also help 87 

reduce information asymmetries between winemakers and consumers. 88 

This study focuses on the social influence of experts in wine guides. Wine guides offer thousands of 89 

reviews of wines from around the world, basing their reviews on the opinions of panels of experts 90 

who taste these wines. The assumption is that consumers use judgements of wine quality by expert 91 

reviewers in wine guides as a source of information to make purchase decisions [9]. These expert 92 

reviewers might consequently influence the performance of the wine-producing companies. Previous 93 

research has in fact shown that there is a relationship between online reviews and consumer choice 94 

and firm sales [10, 11]. However, despite the potential impact on consumers and wineries, the nature 95 

and effects of expert opinions in wine guides remains an under-researched topic. 96 

Wine experts usually provide a quantitative (score) and a qualitative (comment) review. The aim of 97 

this study is to test the consistency between these two assessments (quantitative and qualitative) of 98 

tasted wines. For wine guides to offer a credible source of information, both assessments of the same 99 

wine should match. That is, higher scores should be aligned with more positive comments. This 100 

analysis can confirm the role of expert evaluations as a credible source of information for consumers.  101 

To test the consistency of wine experts’ reviews, the qualitative content (i.e. tasting notes) is 102 

examined using sentiment analysis based on natural language processing techniques. Then, these 103 

reviews and other relevant variables (origin and grape variety) are used to establish whether expert 104 

reviews of similar wines are coherent. Coherence is examined by classifying wines according to 105 

reviews and wine-related variables. A finite mixture model is employed for this classification. The 106 
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study context is the Wine Enthusiast guide, one of the most prestigious wine guides in the world. The 107 

results show significant differences between expert reviews, which raises doubts about the usefulness 108 

and credibility of wine guides as a source of information. 109 

 110 

2. Literature review  111 

2.1. Wine guides as a marketing tool 112 

Guides are extremely popular in the wine industry because they offer a point of comparison across 113 

brands [12] and provide consumers with a signal of wine quality. Wine guides are based on the 114 

opinions of experts and professional tasters, who follow standardised, systematic procedures that aim 115 

to provide a rigorous assessment of wines. These experts and tasters are assumed to be independent 116 

of wineries, thus helping consumers make informed purchase decisions, as the learning process 117 

necessary for consumers to become wine experts themselves takes time [13]. 118 

Research has highlighted the effect of wine expert recommendations from a marketing perspective. 119 

Parsons and Thompson [14] showed that consumers attribute high credibility to independent wine 120 

expert recommendations. Friberg and Grönqvist [15] found a significant effect of positive reviews by 121 

experts on the sales of the wines they had tasted. The scores that wines receive in these guides can 122 

also influence other marketing variables. A line of research has focused on the effect of expert reviews 123 

on wine prices [16]. For instance, studies have shown a positive effect of this type of evaluation on 124 

product prices, associated with a greater product reputation [7, 17]. Ashenfelter and Jones [18] 125 

showed that the influence of expert ratings on the price of wine is even greater than that of other 126 

factors such as terroir conditions or climate, which are commonly used to predict wine prices [19]. 127 

Wine research has also used the sensory reviews of experts in wine guides to measure wine quality 128 

and brand reputation [20]. Dressler [21] analysed the reputation of German wineries, individually and 129 

collectively, using three wine guides (Feinschmecker, Gault Millau and Eichelmann) and found 130 

consistent judgements across all three. Focused on Sicilian wines, Roma et al. [9] used experts’ scores 131 

in wine guides as a proxy of firm (wine) reputation. This approach is common in the wine literature 132 

[22]. However, despite this evidence, the impact of a positive expert review on the price of a wine 133 

may depend not only on the reputation of the wine itself but also on the reputation of the expert [23, 134 

24] because not all experts or guides have the same reputation and prestige [25]. 135 

 136 

2.2. The expert-consistency effect 137 

According to dual-process theory [26], individuals’ opinions and even behaviours are based on 138 

informational and normative influences such as those from expert reviews [27–29]. Information has 139 
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a greater impact on the receiver if the sender is perceived as credible. Expert information is believed 140 

to be more credible and accurate (i.e. consistent) than non-expert information [30, 31].  141 

In the context of wine, it is difficult to identify the factors that each expert considers when making 142 

judgements and rating wines because there is no common frame of reference across guides [16, 32]. 143 

An expert’s rating is not necessarily an objective indicator of the quality of a wine because experts 144 

make judgements based on their own personal preferences. Thus, when an expert gives a high rating 145 

to a certain wine, it is not intended to convey the idea that the wine is of a higher quality than another 146 

wine with a lower rating. This lack of comparability arises because ratings of wines are conditioned 147 

by several factors such as origin, vintage, winery, price and even the expectations of the expert. 148 

Therefore, a higher score for one wine than for another simply indicates an expert’s greater preference 149 

for that wine.  150 

Consequently, despite their alleged objectivity (as stated in wine guides), expert reviews cannot be 151 

considered absolute objective assessments of wine quality. For instance, they may be biased by 152 

experts’ personal preferences [33]. Evidence regarding the consistency of expert judgements is 153 

somewhat mixed. Some authors have found consistency between different experts’ reviews of the 154 

same wine (e.g. [34]). However, other authors have expressed concern about inconsistencies between 155 

different experts’ opinions of wine quality and even inconsistencies in reviews by the same expert 156 

over time (e.g. [35–37]). Cao and Stokes [38] reported that personal bias in wine expert reviews 157 

translates into different ratings, discriminatory capacity and variability in the ratings of different 158 

wines. Likewise, Ashton [35, 39] observed that wine guides focus on a few wines and cannot be 159 

considered fair representations of the entire market, noting that even the number of tasters used to 160 

issue a rating can influence the rating. These guides continue to be highly important in many markets 161 

and are used as a reference by consumers around the world. Therefore, further investigation of the 162 

effects of expert consistency/inconsistency is warranted.  163 

 164 

2.3. Sentiment analysis: a tool for analysing the consistency of expert reviews 165 

In recent years, natural language processing research techniques have allowed researchers to perform 166 

textual and sentiment analysis of reviews by both experts and consumers (e.g. [40–46]). Sentiment 167 

analysis is a subfield within natural language processing techniques that focuses on automatically 168 

classifying a text through its valence [47]. It enables the extraction of information on opinions about 169 

a subject (from users or experts) for a certain product [48, 49]. Previous research has shown that this 170 

type of analysis based on the characteristics of the product can provide more precise information than 171 

a general analysis of the overall (numerical) assessment [50]. Recent literature reviews have 172 
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highlighted the importance and uniqueness of sentiment analysis in marketing research [51] and in 173 

hospitality and tourism [52]. 174 

In the context of wine guides, users typically find two ratings or judgements of a given wine. The 175 

first is a numerical score, usually on a scale of 0 to 100 points or 0 to 20 points, depending on the 176 

guide. Some guides only publish wines that receive a minimum score of 80 or 85 points. The second 177 

rating is a qualitative review based on tasting notes for the wine. These tasting notes consist of a brief 178 

literal description of the sensory and organoleptic qualities of the wine [53]. Although numerical 179 

scores are easily interpretable, the natural limitations of language hinder and complicate the task of 180 

using words to convey what a wine is really like and to describe the sensations that the expert wants 181 

to convey [54]. Sometimes, the sensory characteristics of wines are so special or unusual that there 182 

may not be the right words to describe it. Furthermore, some authors suggest that the language of 183 

professional tasting, which is used to describe the sensory properties of a wine, is based on jargon 184 

and vocabulary that is so complex and difficult to decipher that only the experts themselves or the 185 

most experienced consumers can understand it. In fact, Peynaud and Blouin [55] found that for 186 

professional tasting notes to be effective, consumers must have a high level of understanding about 187 

tasting, which is not always the case. Sometimes, these tasting notes may be pretentious, offering 188 

little informational validity for consumers [56]. 189 

Therefore, sentiment analysis based on each of the characteristics considered in the tasting notes 190 

could offer a broader and more accurate illustration of how experts review a wine. From an analytical 191 

perspective, the opinions of experts require analysis at the sentence level [57]. This sentence-level 192 

focus is necessary because experts who review wines consider different characteristics or attributes 193 

and generally have a different opinion on each of these aspects. Although many sentiment analysis 194 

tools can easily divide comments into negative, positive or neutral, a textual review of a given wine 195 

may contain phrases with different polarities because experts may have different feelings about each 196 

characteristic of the wine. For instance, the standard tasting phases (i.e. sight, smell and taste) may 197 

have different polarities, with some aspects being rated positively, others negatively and others 198 

neutrally. In addition, there may be different degrees of positive or negative opinions. Accordingly, 199 

reviews cannot be qualified simply as positive, negative or neutral. Instead, they include a series of 200 

additive perceptions that create a nuanced rating and provide specific information on each of the 201 

aspects evaluated by the expert. For instance, some characteristics of the wine (e.g. in the olfactory 202 

phase of tasting) may be rated positively, whereas others (e.g. related to the palate) may be negatively 203 

rated.  204 

In sum, sentiment analysis techniques could lead to precise inference of the overall numerical score 205 

for the wine. Therefore, these techniques are particularly useful for examining the opinions of experts 206 
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about the wines in a guide. Nguyen et al. [58] recently employed a similar approach, focusing on so-207 

called online expert users.  208 

 209 

3. Method  210 

This study focuses on reviews by 19 professional wine tasters from the Wine Enthusiast guide 211 

between 1999 and 2019. Wine Enthusiast Magazine is one of the most prestigious international 212 

magazines in the sector, together with The Wine Advocate (Robert Parker). Each review included 213 

qualitative tasting notes, in which the expert gave a judgement on the tasted wine, a quantitative score 214 

of the wine (from 80 to 100 points), and some additional characteristics such as price, origin and 215 

grape variety (see Figure 1). The wines were from 43 countries and their price ranged from 4 dollars 216 

to 3,400 dollars. After the elimination of outliers and missing cases, the final sample contained 217 

201,004 reviews. 218 

 219 

FIGURE 1. Sample Wine Enthusiast guide review 220 

 221 

Source: Wine Enthusiast website (2021). 222 

 223 

The method had two stages. The first stage involved that quantitative ratings as well as qualitative 224 

reviews were compared among the different experts in the guide. Reviews published in the guide 225 

were made by 19 experts, as well as some other anonymous reviewers. Although the comparison of 226 

quantitative ratings was straightforward, the comparison of qualitative reviews required prior analysis 227 

of tasting notes using sentiment analysis. This analysis was carried out using the AFINN lexicon. 228 

AFINN consists of 2,477 words in English that express a certain degree of positive or negative 229 

sentiment. This corpus of words, produced by Finn Arup Nielsen between 2009 and 2011, contains a 230 

rating for words ranging from −5 (most negative sentiment) to +5 (most positive sentiment). This 231 
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lexicon displays the information in two columns: the word next to its corresponding value (e.g. 232 

“awesome” - 4 or “awful” -3). In this study, the sentiment value of the expert review was calculated 233 

as the sum of the polarity of each of the words used in the review. In essence, each review was divided 234 

into sentences, and each sentence into words. To evaluate one sentence of the review, each word was 235 

assigned a value according to the AFINN lexicon. Adding up the values of all words in the sentence 236 

gave an evaluation of that specific comment. Once this process had been performed for all sentences 237 

in the review, the evaluations of each sentence or comment were summed to give an overall score for 238 

the review. Because an expert review covers different aspects, different opinions can be found in the 239 

same review. That is, the same review might contain both positive comments (e.g. regarding palate) 240 

and negative comments (e.g. regarding nose). However, the additive procedure employed in this study 241 

gave an overall evaluation of the intensity (value) and polarity (positive/negative) of the review based 242 

on the evaluation of each comment in the review. Compared to the alternative of using the average 243 

of the individual evaluations of each word, this additive procedure accounted for the length of the 244 

review because there is evidence that longer reviews provide greater added value to the tasting note 245 

of the wine  [53]. In addition, it provided a broader ranking of the review than a simple classification 246 

as positive, negative or neutral.  247 

In the second stage, the wines were classified according to their characteristics using techniques based 248 

on cluster analysis. The starting assumption was that wines in a given group were homogeneous but 249 

different from the wines in other groups. Each wine was defined by a set of variables related to its 250 

review (qualitative and quantitative), origin and grape. The objective of this stage was to group similar 251 

wines by comparing specific vectors for the set of variables used in this study. An 𝑁 × 𝑑 matrix was 252 

created for this analysis, where the columns were the variables, and the rows were the observations. 253 

Each observation (i.e. row) was a vector of dimension 𝑑, denoted as 𝑥𝑖. The data set was denoted as 254 

𝑥 = (𝑥𝑖)𝑖∈{1,⋯,𝑁}. Each observation had 𝑑𝑐𝑜𝑛𝑡 continuous variables in ℝ𝑑𝑐𝑜𝑛𝑡  and 𝑑𝑐𝑎𝑡 categorical 255 

variables, with {1,⋯ ,𝑚𝑗} levels for each nominal variable 𝑗. Hence, 𝑑𝑐𝑜𝑛𝑡 + 𝑑𝑐𝑎𝑡 = 𝑑. 256 

To classify the observations into groups that could be interpreted in a meaningful way, an 257 

unsupervised learning method was used. It was hypothesised that there existed hidden or latent 258 

variables (unobserved random variables) for all data points in the data set that associated a specific 259 

cluster to each observation. Thus, the latent variable model was a mixture model.  260 

In a mixture model, 𝐾 distributions are mixed, and it is assumed that each observation belongs to one 261 

of them. The latent variable 𝑧𝑖 for observation 𝑖 corresponds to one of the distributions in the mixture. 262 

In other words, the latent variable 𝑧𝑖 is the cluster to which observation 𝑥𝑖 belongs. If the number of 263 

clusters is 𝐾, then 𝑧𝑖 ∈ {1,⋯ ,𝐾}, and the set of latent variables is denoted as 𝑧 = (𝑧𝑖)𝑖∈{1,⋯,𝑁}. In a 264 

mixture model, the data generation process is assumed to be 𝑝(𝑧, 𝑥) = 𝑝(𝑧𝑖)𝑝(𝑥𝑖|𝑧𝑖 = 𝑘). Here, 265 
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𝑝(𝑧𝑖) is a multinomial distribution, where 𝜂𝑘 = 𝑃𝑟(𝑧𝑖 = 𝑘) is the probability that observation 𝑖 266 

belongs to cluster 𝑘. The set of probabilities 𝜂 = (𝜂𝑘)𝑘∈{1,⋯,𝐾} are referred to as the mixing weights. 267 

Furthermore, 𝜙𝑘(𝑥𝑖|𝜃𝑘) = 𝑝(𝑥𝑖|𝑧𝑖 = 𝑘) is the probability distribution of the data in cluster 𝑘, and 𝜃𝑘 268 

are the parameters of this distribution. The probability density function is given as follows: 269 

𝑓(𝑥𝑖|𝜃) = ∑𝜂𝑘𝜙𝑘(𝑥𝑖|𝜃𝑘)

𝐾

𝑘=1

 270 

where 𝜃 = (𝜃𝑘)𝑘∈{1,⋯,𝐾} is the set of all parameters for the distributions in the mixture, including the 271 

mixing weights. 272 

For continuous variables, the cluster distributions were multivariate Gaussian distributions 273 

𝜙𝑘(𝑥𝑖|𝜃𝑘) = 𝑁(𝑥𝑖|𝜇𝑘, Σ𝑘), where the parameters of the distribution 𝑘, 𝜃𝑘 = {𝜇𝑘, Σ𝑘} were the mean 274 

vector 𝜇𝑘 and covariance matrix Σ𝑘. Categorical variables were assumed to be independent 275 

multivariate multinomial variables distributed conditional on the latent variable. Therefore, 276 

𝜙𝑘(𝑥𝑖|𝜃𝑘) = ℳ(𝑥𝑖|𝛼𝑘) for 𝛼𝑘 = (𝛼𝑗𝑘)𝑗∈{1,⋯,𝑑𝑐𝑎𝑡}
, where 𝛼𝑗𝑘 is the vector of parameters (event 277 

probabilities) for the multinomial distribution associated with variable 𝑗 in cluster 𝑘, and its 278 

dimension is 𝑚𝑗.  279 

For the estimation of the parameters, the R package Rmixmod version 2.1.5 was used. This package 280 

maximises the log-likelihood with an expectation maximisation (EM) algorithm as follows:  281 

ℒ(Θ) =∑ln𝑓(𝑥𝑖|𝜃)

𝑁

𝑖=1

 282 

for Θ = {𝜂, 𝜃}, the set of all parameters of the mixture.  283 

Once the wines had been classified into similar groups, the differences between the expert reviews of 284 

the wines belonging to each cluster were analysed. The data processing and estimation was carried 285 

out in MATLAB. 286 

 287 

4. Results 288 

In the first stage, the quantitative and qualitative expert reviews in the guide were compared. The 289 

average score of the tasted wines was 88.81 points (SD = 3.03), with a minimum of 80 points and a 290 

maximum of 100. The experts used an average of 40.56 words in their descriptions of wines (SD = 291 

11.28), with a minimum of three words and a maximum of 135. The average sentiment score was 3.2 292 

points (SD = 7.02), with a minimum of -33 points and a maximum of 41. The average price was 36.62 293 

dollars (SD = 43.17), with a minimum of 4 dollars and a maximum of 3,400 dollars. 294 

Table I presents the average quantitative and sentiment ratings for each expert. It also shows the 295 

average number of words used by each expert in the tasting notes. There are statistically significant 296 
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differences between the experts’ quantitative ratings. There are also differences in the nuances 297 

provided in the tasting notes, as reflected by the differences in the number of words used and the 298 

sentiment ratings for the experts. 299 

 300 

TABLE I. Ratings of wines according to experts 301 

Expert 
No. of wines 

tasted 

Average 

quantitative 

score 

Average of 

sentiment 

rating 

Average 

number of 

words 

Alexander Peartree 1,637 87.14 -1.28 41.26 

Anna Lee C. Iijima 8,061 89.37 0.83 41.38 

Anne Krebiehl MW 7,661 91.02 5.27 47.17 

Carrie Dykes 268 86.45 1.10 42.75 

Christina Pickard 2,349 88.97 1.72 57.00 

Fiona Adams 408 86.72 -3.91 49.77 

Jeff Jenssen 783 88.08 -1.39 35.75 

Jim Gordon 9,083 88.71 4.71 38.12 

Joe Czerwinski 5,842 88.66 0.24 40.96 

Kerin O’Keefe 20,055 89.12 -1.88 38.03 

Lauren Buzzeo 2,886 88.00 3.18 50.53 

Matt Kettmann 13,910 90.21 -0.43 44.40 

Michael Schachner 20,004 86.99 0.28 42.42 

Mike DeSimone 956 89.07 -0.44 43.21 

Paul Gregutt 13,824 89.34 4.61 43.48 

Roger Voss 40,124 88.90 8.58 37.47 

Sean P. Sullivan 9,197 88.67 1.74 38.39 

Susan Kostrzewa 1,170 86.89 6.03 39.71 

Virginie Boone 17,578 89.67 2.75 38.71 

Nameless 25,208 87.81 4.10 38.96 

Total 201,004 88.81 3.20 40.55 

F  1158.84 

(p < 0.000) 

3534.31 

(p < 0.000) 

1351.94 

(p < 0.000) 

Source: Authors 302 

 303 

In the second stage, the wines were classified according to their characteristics using techniques based 304 

on cluster analysis. The proposed model was estimated for K = 2, . . . ,7 clusters in relation to the 305 

wines appearing in this guide. To identify the clusters, four variables were used: the quantitative 306 

rating, sentiment score of the tasting note, country of origin of the wine and grape variety. The model 307 

selection criterion was the Bayesian information criterion (BIC; [59] Schwarz 1978). This criterion 308 

suggested that K = 4 was the number of groups that best fit the data (see Table II). External validation 309 

is also desirable to confirm the usefulness of the cluster solution. External validation consisted of 310 

examining whether there were also intercluster differences in variables other than those used to 311 
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classify the wines. This external validation served as an exploratory investigation of the influence of 312 

the cluster structure and main characteristics [60]. To this end, the price variable was also examined 313 

(see Table II). 314 

 315 

TABLE II. Descriptive analysis of clusters with mean and standard deviation (in parentheses) 316 

 

Variables used in the cluster analysis 
 External 

validation 

Quantitative 

rating 

Qualitative 

(sentiment) 

rating 

Main country 

origin 

Main grape 

variety 

 

Price 

Best quality 
N = 56,043 

90.09 
(2.77) 

10.26 
(5.74) 

France Red & White 
 41.50 

(65.01) 

Affordable 
N = 48,321 

85.29 
(1.74) 

1.33 
(4.47) 

America, France 

and Spain 
Red & White 

 21.10 

(16.40) 

Over-priced 
N = 67,789 

90.00 
(2.23) 

0.08 
(5.75) 

United States 

and Italy 
Red 

 47.24 

(37.42) 

Smart choice 
N = 28,851 

89.41 
(2.15) 

-0.02 
(5.65) 

United States White 
 28.80 

(25.02) 

TOTAL 
N = 201,004 

88.81 
(3.03) 

3.21 
(7.02) 

N.A. N.A. 
 36.62 

(43.16) 

Source: Authors 317 

 318 

The empirical findings reveal some interesting differences between the clusters. The first group, “top-319 

of-the-range wines (best quality)”, consists of wines with a well-above-average rating based on both 320 

sentiment and quantitative ratings. These wines are also on average more expensive. It consists of red 321 

and white wines, mainly from France. The second group, “low-price wines (affordable/low cost)”, 322 

consists of wines with a below-average quantitative score but with a slightly positive sentiment rating. 323 

The average price of wines in this group is well below the average for the entire sample. This group 324 

includes white and red wines from North and South America, France and Spain. The third group, 325 

“overpriced wines”, consists of wines with a neutral sentiment rating but a roughly average 326 

quantitative score. These wines’ average price is well above the average for the entire sample. They 327 

are mostly red wines from the United States and Italy. Finally, the fourth group, “best-value wines 328 

(smart choice)”, consists of wines with a roughly average quantitative score and a below-average 329 

qualitative rating. They also have a lower-than-average price. This group mainly consists of white 330 

wines from the United States.  331 

The differences between the four groups were significant for the four variables considered in the 332 

analysis. In addition, for the external validation of the four clusters, ANOVA was used to test whether 333 

the prices differed between clusters. The price variable (4064.87; < 0.0001) was significantly different 334 

between clusters, thereby externally validating the classification presented in this research.  335 
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Once the wines had been classified into homogeneous groups, the average sentiment evaluations of 336 

the tasters were calculated for each group. The results indicate that the differences between the 337 

experts’ reviews differ significantly, which shows that there are no standard criteria for reviewing the 338 

wines in the guide (see Table III). This result reinforces the earlier idea (see Table I) that tasting notes 339 

might differ amongst wine experts, even when the tasted wines are similar and receive a comparable 340 

quantitative rating. 341 

 342 

TABLE III. Test of differences of experts’ sentiment ratings 343 

 F p value 
Group 1. Best quality 382.65 p < 0.001 
Group 2. Affordable 110.97 p < 0.001 
Group 3. Overpriced 295.44 p < 0.001 
Group 4. Smart choice 151.12 p < 0.001 

Source: Authors 344 

 345 

5. Conclusions 346 

Wine guides written by professional and expert tasters are widely used in the wine industry to market 347 

wine, providing important information signals for consumers around the world. However, despite the 348 

importance of these guides, some authors have expressed doubts about the consistency of the scores 349 

and reviews they provide. The objective of this study was to analyse the internal consistency of the 350 

scores and reviews of the experts and professional tasters writing for a specific guide. The method 351 

included sentiment analysis of the tasting notes and a novel clustering technique that identified groups 352 

of wines with similar characteristics. 353 

The results show considerable divergence between the qualitative and quantitative assessments by 354 

professional tasters in the Wine Enthusiast wine guide. Although most consumers trust the guide to 355 

reduce their information asymmetries with respect to winemakers, disparity in the criteria used by the 356 

guide’s experts raises doubts over its effectiveness as a source of reliable, verified, standardised 357 

information for consumers. In fact, even when wines are grouped according to their characteristics, 358 

there are still discrepancies amongst experts. Therefore, it cannot be said that the guide follows a 359 

single, uniform set of criteria for its wine reviews. 360 

These results have managerial implications for the wine sector. First, the results have implications 361 

for wineries whose wines are tasted by experts writing for this guide. These wineries should be aware 362 

that experts’ personal preferences may affect their judgements. Hence, knowing the personal tastes 363 

and background of each expert could help wineries improve the ratings of their wines. Second, these 364 

results are important for the management of the guide itself. The reputation and prestige of a particular 365 

guide is the basis of consumers’ trust in that guide, which is considered a reliable and independent 366 
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source of information. If the reviews in the guide are inconsistent and the experts do not reach a 367 

consensus when rating wines, doubts may arise about the reliability of these reviews, depending on 368 

which expert tasted the wine. These doubts could ultimately affect the publication’s reputation. 369 

Finally, regarding the limitations of this study, only one guide (Wine Enthusiast) was analysed. It is 370 

not possible to extrapolate these results to other specialist publications within the sector. Furthermore, 371 

the sentiment analysis was carried out using a specific lexicon. Although this lexicon has been widely 372 

used in academic studies, it is not the only available alternative, nor is it specific to the wine sector. 373 

These limitations open new research opportunities that should be addressed in the future. Future 374 

research could also explore the effect of reviewer expertise in the context of wine guides. Reviewer 375 

expertise has already been shown to influence reviewer ratings in the context of hotel and restaurant 376 

review platforms [58]. Finally, future research could extend this analysis to other markets where 377 

guides based on expert reviews are also common. Examples include the film and television industry, 378 

where sentiment analysis techniques have already been used to study expert and consumer opinions 379 

[2] but not to study specialised guides (e.g. Rotten Tomatoes).  380 

 381 
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