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A data-driven approach to measure restaurant performance by combining online reviews 

with historical sales data   

 

ABSTRACT 

Restaurant management requires customer responsiveness to deal with increasingly higher 

expectations and market competitiveness. This study proposes an approach to simplify the 

decision-making process of restaurant managers by combining both live social media customer 

feedback and historical sales data in a sales forecast model (based on TripAdvisor data and the 

Bass model). 

Our approach was validated with internal and external (i.e., online reviews) data gathered from 

six restaurants. The collected data was processed using data analytics for developing a 

dashboard that provides value for restauranteurs by taking advantage of online reviews and 

sales forecast. Such dashboard was evaluated by restaurant management experts, which 

provided positive feedback, highlighting in particular the time saved in the decision-making 

process. 

 

Keywords: restaurant management; business performance; customer relationship management; 

online review; text mining; data analytics. 

 

 

 



1. Introduction  

Revenue management enables to optimize businesses toward revenue maximization by 

understanding consumer behavior and implementing a product and price strategy accordingly 

(Kimes, 1999). The market dynamics demands for suitable and constant business performance 

measuring to monitor the business and revenue progress (Cross et al., 2009). Within hospitality, 

the number of customers that arrive at a given hospitality unit is a key input to forecast revenue 

(Weatherford & Kimes, 2003). Restaurant researchers and practitioners devised models based 

on the number of customers per time unit (Heo, 2017). The Bass model (BM) has been widely 

adopted to forecast demand by predicting the number of new customers in the forthcoming 

period (Mahajan et al., 1991). Specifically in the hospitality literature, the BM has been applied 

to hotel management (e.g., Pimpão et al., 2016). Furthermore, restaurant customers, whether 

they are innovators or imitators (according to the BM), may lead to successive increases in the 

number of new customers, which can be modeled through the BM (Sultan et al., 1990). 

However, within our knowledge, there are no research studies that adopted the BM to restaurant 

management. 

Consumer-generated content has been steadily increasing since the paradigm of the Web 

2.0 brought us social media online platforms where all the contents are created by users 

(Hennig-Thurau et al., 2004; Wang & Rodgers, 2011). As users take interchangeably the role 

of producers and consumers of information in social media, electronic word-of-mouth comes 

into play to develop communication networks that influence users in their decision processes 

(Costa et al., 2019). One popular format of communication in social media in hospitality is the 

online review (OR), which enables guests to write their opinions about the units and attractions 

they visited (Moro et al., 2019a). ORs were found to be critical for understanding hotel success 

(Xiang et al., 2015). As for restaurants, Jalilvand et al. (Jalilvand et al., 2017) studied the factors 

influencing electronic word-of-mouth, arguing that customer satisfaction influences business 



performance. Yet, they did not analyze such impact on sales. The recent study by Fernández-

Miguélez et al. (Fernández-Miguélez et al., 2020) established a relation between ORs and 

financial performance by analyzing macro-information based on firms financial reports. 

There is more evidence supporting a relation between ORs and business performance in 

the OR body of knowledge within hospitality. Kwok et al. (2017) analyzed a total of 67 articles 

focused in OR and published between 2000 and 2015. They conclude that ORs effectively 

enable to better understand business performance and outcomes. However, most of the studies 

were related to hotels, and only eight of them were about restaurants. From those eight studies, 

none has devoted attention to measuring the customer inflow based on OR. Most of them are 

related to management response strategies, the usefulness of OR, and a few specific themes 

such as group buying. Thus, Kwok et al. (Kwok et al., 2017) conclusion of ORs influence in 

business performance is based in hotel studies (W. Kim et al., 2015; K. L. Xie et al., 2014).  

Fan et al. (Fan et al., 2017) propose a combination between the BM (F. Bass, 1969) and 

sentiment analysis that results in a novel method for sales forecast, the Bass Emotion model 

(BEM). The BM, known as a diffusion model, models the process of product adoption by 

customers. Moreover, previous studies showed that the diffusion process is affected by Word-

of-mouth (WOM) (Sultan et al., 1990) which supports for the combination of the BM and 

information from ORs. Restauranteurs usually forecast demand by using a methodology from 

a range of analytical models available on existing literature (Lasek et al., 2016). Each model 

has a set of input variables as predictors. However, we did not find a model to forecast restaurant 

sales that uses ORs as input. In this study, we take advantage of the BEM and adapt it to suit 

the purpose of forecasting sales of six restaurants based on the Algarve region of Portugal. To 

facilitate the evaluation of the BEM results, we developed a dashboard to present the 

information for decision support, including a new key performance indicator (KPI) computed 

based on restaurant performance and customer satisfaction. Therefore, the resulting 



contribution from our study helps restauranteurs to manage their units by forecasting sales and 

monitoring the direct impact of daily operations on customer satisfaction and sales. 

This article is structured as follows. Next section is devoted to reviewing related 

literature. The methodology section presents the research design and the proposed data-driven 

approach. In the following section, the results are described and analyzed, including a critical 

discussion. Finally, the conclusions section presents the main contributions and implications 

from the study. 

2. Literature review 

2.1. Online reviews analysis to improve performance in the foodservice industry 

 Online reviews (ORs)  have become the mainstream medium for sharing feedback about 

products and services (Neirotti et al., 2016). The hospitality industry has been at the forefront 

of developing and adopting ORs platforms, including the renowned brands TripAdvisor and 

Yelp (Guerreiro & Moro, 2017). The vast majority of published studies within hospitality based 

on ORs are focused on accommodation services (e.g., hotels: Moro et al., 2020). Nevertheless, 

the uniqueness of the foodservice industry combined with the increasing relevance of online 

reviews has also triggered research to understand the perspectives of restaurants customers, 

helping to shape practitioners’ strategies (W. G. Kim et al., 2016). 

 The richness of a textual review makes it suitable to analyze the customer’s point of 

view. However, the challenge of dealing with usually large numbers of reviews as well as the 

unstructured nature of text requires an automated approach for an efficient analysis (Aggarwal 

& Zhai, 2012). Text mining (TM) approaches enable to extract useful knowledge from a corpus 

of documents (or reviews), containing unstructured text, through techniques that compute 

features and their corresponding weights (e.g., word frequency) from text (Miner et al., 2012). 

A key component of TM is natural language processing (NLP) as it comprehends a set of 



different tasks devoted to extract a meaningful representation of text, such as part-of-speech 

tagging (i.e., by identifying key components such as nouns, verbs, and adjectives from 

sentences) and sentiment analysis (Kao et al., 2007). Sentiment analysis (SA) can be considered 

a regression problem by assigning a sentiment score that reflects the sentiment polarity (i.e., 0 

representing a neutral sentiment, while positive/negative numbers represent the polarity – 

through the sign – and the intensity – through the absolute value) to a given sentence of the text 

(Batista and Ribeiro, 2013). 

Online reviews can deliver important information to improve hospitality units’ 

performance (Xiang et al., 2015) by helping to understand which factors influence customer 

opinion (Berezina et al., 2015; Han et al., 2016; Moro et al., 2019b; Nitiwanakul, 2014; 

O’connor, 2010; Zhang & Verma, 2017). Most of the studies are dedicated to the relation 

between traditional attributes (Gan et al., 2016; Golani et al., 2017). Yet, within foodservice 

research, literature is rather scarce in taking advantage of ORs to assess restaurant performance 

using data-driven approaches based on sales data (S. Kim & Kim, 2016). Table 1 details three 

studies within foodservice specifically adopting OR and sales performance data, with the older 

from 2010. Thus, while the theme is not novelty, the lack of access to corporate sales data seems 

to limit the number of publicly available studies. 

 

 

 

 

 

 

 



Table 1 

Foodservice studies adopting both ORs and sales performance data 

Analytical Method, Research Goal and Major Findings  Reference 

Analytical Method: Ordinary Least Squares (OLS) 

Research Goal: To test the impact of WOM on corporate financial performance. 

Major Findings: Corporations with a high value of WOM in their establishments 

will also have higher profitability levels. The study proved that the positive effect 

of WOM on the financial performance of establishments also impacts the 

financial performance of corporations. 

(Fernández-

Miguélez et al., 

2020) 

Analytical Method: Hierarchical multiple regressions 

Research Goal: To identify the new or unexplored determinants of the restaurant. 

Major Findings: The number of ORs and the customer overall rating have a 

positive impact on restaurant performance. Both variables have a greater impact 

on promoting net sales in restaurants with an excellence certificate. 

(Kim et al., 2016) 

Analytical Method: Regression model  

Research Goal: To analyze the differences between online user-created reviews 

and editor-created reviews. 

Major Findings: Consumer-reviews and their volume can increase the online 

popularity of a restaurant. Editor-created reviews have a negative impact on the 

consumer’s intention to visit the restaurant. 

(Zhang et al., 

2010) 

 

 

2.2. Restaurant performance and business KPI’s 

Kimes (1999) defines Restaurant Revenue Management (RRM) as selling the right seat 

to the right customer at the right price and for the right duration (Kimes, 1999). The 

development of models to forecast demand can help in guiding managers towards successful 

RRM strategies (Lasek et al., 2016). To improve the decision making process, efficiency 

measures, also known as key performance indicators (KPI), are computed based on several 

inputs, including the results from sales forecast models (S. Kim & Kim, 2016). To increase 

interpretability and facilitate reading toward improved decision support, usually KPIs are 

shown in visually appealing dashboards (Pestana et al., 2020). Nevertheless, a RRM strategy is 

usually complex and requires encompassing a myriad of inputs (W. G. Kim et al., 2016) 

According to the KPI Institute (The KPI Institute, 2016), the most frequent KPIs used 

in restaurants can be grouped as follows: customer feedback, occupancy, service measurement, 

revenue, cost management, human resources, and quality compliance. For instance, the 



proportion of positive feedback from guests is a customer feedback KPI usually presented 

separately and unrelated from the number of tables served or the revenue per available seat hour 

(RevPASH). Similarly, KPIs are not usually viewed in combination with the expected demand 

(The KPI Institute, 2016). 

There are several types of restaurants according to the customer target. Knutson et al. 

(Knutson et al., 2008) identified three main segments: quick service, casual/theme, and fine 

dining. The RRM strategy should be adjusted to each target (Thompson, 2010), which implies 

the KPIs need to be interpreted within the target segment. Subsegments may also be defined 

within the three above mentioned segments. For example, casual restaurants may be standard 

or premium, depending on the service level (Saad et al., 2020), while fine dining may become 

luxury if there is an emphasis on symbolic and conspicuous values associated with a more 

relaxed environment instead of being mostly focused on the food quality (Yang & Mattila, 

2016). 

Usually, each KPI is adopted as a base for defining strategies for Kitchen Management, 

Front of House & Restaurant Management, Bar & Cellar Management, Sales & Marketing 

Management, or Finance & Administration Management. However, the existing body of 

knowledge lacks in studies that report any KPI combining customer feedback information (such 

as ORs information) and business performance metrics to understand the factors that drive 

business towards a successful RRM. 

2.3. Sales forecast using online reviews 

Sales forecasting is essential in business management (Chern et al., 2015; Lasek et al., 

2016). Moreover, ORs become a strong influence factor on customer purchase decision 

(Fernández-Miguélez et al., 2020; Kwok et al., 2017). In fact, recent studies show a relation 

between ORs and sales by showing that it is possible to forecast product sales through ORs. For 

instance, in the movie domain, Yu et al. (2012) proposed an Autoregressive Sentiment and 



Quality Aware model to predict sales by using the sentiment expressed in the reviews (Yu et 

al., 2012). In the retail domain, Chern et al. (2015) presented a sales forecast model by 

combining ORs and a linear regression model. Furthermore, in the automotive industry, a sales 

forecast model combining BM and sentiment analysis was proposed by Fan et al., (2017). The 

particular research was cited 120 times (as of 11 July 2020) in the Scopus database, showing 

that the approach of Fan et al. (2017) is applicable to other contexts, including the hospitality 

domain by considering hotel ORs (e.g., Aakash & Gupta Aggarwal, 2020).  

The BM is a kind of diffusion model that forecasts the adoption of products by 

considering the influence of external publicity or promotion effect, as well as the diffusion 

effect introduced by ORs (F. Bass, 1969; F. M. Bass, 2004). The model predicts the number of 

customers from the increases in the number of adopters that can be classified into innovators 

(consumers that buy under external influence) or imitators (consumers that buy under internal 

influence) (Lai, 2017; Sultan et al., 1990). 

In our sample of restaurants, the sales curve is remarkably close to Roger’s adoption 

curve (Rogers, 2003), as well as the BM curve. Typically, the year starts with a low number of 

customers, and as time progresses, the number of customers increase until a peak, and then the 

number of customers starts decreasing. Furthermore, within our knowledge, there is no research 

study that applied the BM to the specific and important restaurant sector. Thus, in this paper, 

we aim to present an approach that improves the original BM in the specific context of 

restaurant domain. In the BM, the predicted number of customers who have adopted the product 

in the period 𝑡, is computed as follows: 

𝑆(𝑡) = 𝑚

(𝑝 + 𝑞)2

𝑝 𝑒−(𝑝+𝑞)𝑡

(1 + (
𝑞
𝑝) 𝑒−(𝑝+𝑞)𝑡)

2 



where 𝑆(𝑡) is explained by three parameters: 𝑝, the coefficient of innovation, 𝑞, the coefficient 

of imitation and 𝑚 is the potential market, which can be  the total number of ultimate adopters 

(F. Bass, 1969). The cumulative sales at time 𝑡 is given as (Lai, 2017): 

𝑌(𝑡) = 𝑚
1−𝑒−(𝑝+𝑞)𝑡

1+(
𝑞

𝑝
)𝑒−(𝑝+𝑞)𝑡 

  

 Both can be presented by the following equations: 

𝑆(𝑡) = 𝑝𝑚 + (𝑞 − 𝑝)𝑌(𝑡) − (
𝑞

𝑚
) [𝑌(𝑡)]2, 𝑌(𝑡) = 𝑚 [

1−𝑒−(𝑝+𝑞)𝑡

1+[
𝑞

𝑝
]𝑒−(𝑝+𝑞)𝑡

] 

The time of peak adoptions is achieved when 𝑡 =
1

𝑝+𝑞
𝑙𝑛

𝑝

𝑞
  and the number of adopters at the 

peak time is given by 𝑠 =
𝑚

4𝑞
(𝑝 + 𝑞)2. 

The BM became widely used in theoretical research and practical applications (Mahajan 

et al., 1991) as result of is low predictive error (Zhang et al., 2020). In 2004, Bass seminal paper 

was selected as one of the ten most frequently cited papers in the 50-year history of the 

Management Science domain (Massiani & Gohs, 2015). However, the model has advantages 

and disadvantages. It can explain in a simple way the existence of an empirical generalization. 

Furthermore, the basic assumptions and the calculated parameters provide an intuitive 

explanation. It also allows to analyze the impact of innovators and imitators, and understand 

the best time to launch a new innovation in the product or service. The model only uses 

historical data and its main parameters are assumed to be constant throughout the diffusion 

process, although  in practice they often vary (Fan et al., 2017; Zhang et al., 2020). Thus, in 

order to improve the model, studies presented different approaches to calculate 𝑝, 𝑞 and/or 𝑚 

(Chern et al., 2015; Fan et al., 2017; Yu et al., 2012). Recently, Zhang et al. (2020) presented a 



study to improve the predictive power of the BM by using ORs, search traffic data, and 

macroeconomic data to calculate 𝑚, 𝑝, and 𝑞. Our approach is presented in Section 4.3. 

3. Methodology 

3.1. Research Design 

We adopted and adjusted the widely used cross industry standard process for data mining 

(CRISP-DM) methodology to develop our proposal (Chapman et al., 2000) (Fig. 1). The 

adapted CRISP-DM consists in cyclic steps towards improving BEM forecast while providing 

an intuitive dashboard to enable restauranteurs to assess the relevance of the results and hence 

validate the model’s usefulness in the foodservice industry to the decision-making process. All 

the experiments were developed using the open source R statistical tool, thus benefiting from 

an enthusiastic community of supporters contributing with packages for a myriad of data 

analysis tasks (Cortez, 2014). Each grey box in Fig. 1 denotes a step in the process, with the 

adopted R packages highlighted in each arrow. 



 

Fig. 1 Schematic of the adopted methodology. 

The entire process is detailed in the following sections. First, we start by a descriptive data 

analysis followed by a bi-dimensional analysis for data understanding. Then, we detail the TM 

process implemented to extract the factors mentioned in the ORs and to calculate the sentiment 

score. In the results section, we present TM results, such as the co-occurrences between nouns 

(main elements) and adjectives (qualifiers), followed by the results of the proposed KPI and the 

BEM sales forecast. Then, the information is consolidated into a dashboard for easier validation 

by experts towards improved decision support. Thus, the proposed dashboard provides the sales 

forecast that reflects the impact of customer satisfaction on restaurant performance. 

3.2. Data Understanding and Data Analysis 

This study adopted two data sources from six restaurants: the revenue management 

information system, and the TripAdvisor. For both, we stored the data values on a daily basis, 

encompassing a period ranging from January 2015 to September 2017. A total of 1,220 reviews 



publicly available and written in English were retrieved. More than half of the reviews were 

written from customers of the United Kingdom (51%) followed by customers from Ireland 

(11%) and Portugal (7%). The extracted features were the following: rating or review score (a 

5-point scale from 1-terrible to 5-excellent), review date, the title (represents an experience 

summary), the review text (a written account of the experience), the customer location (city and 

country), and the total number of reviews published by the customer on the TripAdvisor 

website. From the revenue system, we collected the number of customers per day, by restaurant, 

and the average amount spent (Yield) per customer. 

For confidentiality reasons, we only mention that our restaurants are based in the 

Algarve region in Portugal. Fictional names are used, i.e., restaurants are labeled from 

Restaurant A to F. We classified those restaurants by restaurant segment (Knutson et al., 2008). 

Restaurants A and B are “luxury” restaurants and C is a “fine dining” restaurant (Table 2) 

(Knutson et al., 2008). Restaurants D, E, and F are classified as premium casual restaurants 

(Knutson et al., 2008). We conducted a descriptive and bi-dimensional analysis of the business 

and TripAdvisor KPIs. 

All restaurants have more than one hundred daily customers except restaurant C, with 

an average of 28 customers per day. Accordingly, restaurant C has less reviews (70 reviews) 

although exhibiting the highest average rating of 4.7. Customers who wrote a review about 

restaurant C are experienced in sharing online experiences because they have an average of 64 

contributions on TripAdvisor. Restaurant A has an average of 113 customers per day, it has 

more reviews (352) and a lower average rating (4.0). Restaurants B and F have 232 and 272 

reviews respectively, with an average rating of 4.2 and 4.1. Finally, restaurants D and E have 

less than 200 reviews each (180 and 114), an overall rating of 4.1 and 4.4, respectively. 



3.3. Correlation analysis among variables  

In this section, we analyzed correlations between business KPIs and TripAdvisor KPIs 

(Table 2). We calculate the Spearman Coefficient (SC) to measure relations of strength between 

number of customers per day, Yield, and Rating. This coefficient measures the monotone 

association between variables. It is used when one or both variables are ordinal (Hauke & 

Kossowski, 2011; Mukaka, 2012; Spearman, 1904).  

There is a moderately negative relation between business KPIs and Rating (Table 2). To 

assess the reason for such result, restaurant managers were interviewed in the evaluation step 

of our methodology (Fig. 1). When faced with the results, they argued that such results are 

understandable because the increasing number of customers directly reflects the waiting time 

which leads to a reduction in service quality that decreases customer satisfaction (Hwang, 

2008). This happens for restaurants A, B, D, and E. Furthermore, both luxury restaurants (A 

and B) combine characteristics that influence customers’ length of stay, such as the room 

configuration and flexibility of seating that require effective table management (Hwang, 2008). 

Restaurants D and E are premium casual restaurants, frequented by customers with opposite 

goals: families with kids that enjoy the playground space, and senior golfers who want to be in 

a quiet ambiance. 

The Yield increase induces a Rating decrease because higher prices are related to special 

events where customers have higher expectations. As they seek a memorable experience, there 

is a narrow ‘tolerance zone’ (Golani et al., 2017). A delighted customer increases the positive 

ORs but the smallest detail drops dramatically the satisfaction and consequently the granted 

Rating score (Golani et al., 2017; McGuire, 2016).  



Table 2  

Descriptive and Bi-dimensional analysis 

Restaurant A B C D E F 

Restaurant type Luxury 
Fine 

dining 
Premium casual 

Premium 

casual close 

to the beach 

Business KPIs     

No. of customers per day (average) 113 124 28 127 107 134 

No. of Reviews 352 232 70 180 114 272 

TripAdvisor KPIs       

Rating (average) 4 4.2 4.7 4.1 4.4 4.1 

User Experience on TripAdvisor 

(Avg. reviews) 
41 51 64 49 58 55 

Spearman rho Coefficient (SC) (**) 

No. of Customers per 

day 
Rating -0.43 -0.52 -0.36 -0.7 -0.52 -0.25 

 p-value 0.000* 0.000* 0.002* 0.000* 0.000* 0.000* 

Yield Rating -0.26 -0.41 -0.51 -0.21 -0.6 -0.27 

 p-value 0.000* 0.000* 0.000* 0.005* 0.000* 0.000* 

(*) 𝒑 ≤ 𝟎. 𝟎𝟓 the coefficient is highly significant, (**) 𝒑 ≤ 𝟎. 𝟏𝟎 the coefficient is marginally significant (Filho et al., 2013); 

(**) Values between 0.4 and 0.79 indicates a moderately strong correlation (Swinscow & Campbell, 2002) 

 

3.4. Text Mining and Sentiment Analysis  

Restaurateurs can optimize their business decisions and consequently increase customer 

satisfaction by knowing customers’ opinions. In order to unveil the most mentioned factors in 

the ORs according to the level of customer satisfaction, we conducted a text mining analysis 

including a sentiment score computation. For corpus handling and text preprocessing we used 

the tm (Feinerer & Horik, 2018), the NLP (Hornik & Hornik, 2018), and the qdap packages 

(Jovi et al., 2015) from the R statistical tool. Preprocessing involved punctuation, numbers, and 

white spaces removal, as well as to remove common English words, such as “the” or “by”, with 

little semantical value (we used the list of words considered in the function stopwords from the 

tm package). Stop words removal reduces the number of words in the document and increases 

the effectiveness and efficiency of text processing (Irfan et al., 2019). Furthermore, another list 



of words, such as restaurant brands or abbreviations, were removed. We also standardized the 

English words to British (UK) English by replacing American English words by the equivalent 

ones from the British dictionary. Moreover, to retrieve collocations and co-occurrences, i.e., 

words that occur together and words that are followed by another, the package udpipe was used. 

We aimed to find combinations of adjectives and nouns that contribute to customer satisfaction. 

We computed the sentiment score of title and review through the sentimentR package to 

measure levels of customer satisfaction. SentimentR was designed to quickly calculate text 

polarity sentiment (TPS) at the sentence level and optionally aggregate by rows or grouping 

variable(s) (True, 2018). In fact, we aimed to find factors related to high and low TPS levels. 

For instance, we can understand the frequency between the words “great restaurant food” to see 

which paired combination contributes more to high TPS. As explained in section 2.3, the 

sentiment score is then used as q coefficient to reflect the customers' preferences into the BEM 

model, as proposed by Fan et al. (Fan et al., 2017). 

4. Results and discussion 

Given the exploratory nature of this research, we structured this section as follows. First, we 

present a descriptive analysis and factors of customer satisfaction or dissatisfaction based on 

the adopted TM techniques. Second, we describe a new performance indicator and the proposed 

sales forecast model. Finally, we combine all the information into a dashboard to facilitate the 

evaluation of the management information, including the sales forecast, by a panel of restaurant 

management experts. 

4.1. TPS analysis and factors of customer satisfaction or dissatisfaction 

Table 3 presents statistics for both Rating and TPS, as well as the correlation between 

both. As expected, restaurants with higher ratings have ORs with strong positive sentiments. 

Restaurant E has a high TPS (0.90) followed by restaurant C (0.89). These results are further 



corroborated by the positive and high correlation (0.91) between Rating and TPS average. We 

further note that the variability (standard deviation – std) of the Rating and TPS scores is higher 

in restaurant A because it is the restaurant with the highest variety of dining events. 

Furthermore, the variability of the TPS in restaurants C and D is smaller because they have 

consistent service quality and an efficient table management strategy that, as argued in (Hwang, 

2008), prevents customer dissatisfaction. 

Table 3 

Restaurant average ratings, average TPS, and Pearson coefficient between TPS and rating.  

Restaurant Rating (average) 
TPS of Title + Review 

(average) 

TPS vs Rating 

 (Pearson coefficient ) 

Restaurant A 4.0 (std=1.20) 0.63 (std=0.57) 0.55 

Restaurant B 4.2 (std=1.15) 0.68 (std=0.47) 0.41 

Restaurant C 4.7 (std=0.48) 0.89 (std=0.43) 0.20 

Restaurant D 4.1 (std=1.17) 0.68 (std=0.43) 0.38 

Restaurant E 4.4 (std=1.03) 0.90 (std=0.50) 0.41 

Restaurant F 4.1 (std=1.15) 0.64 (std=0.47) 0.38 

Pearson coefficient between average rating and average text sentiment (TPS): 0.91 

In addition, the Pearson coefficient between TPS and Rating is stronger in restaurant A, 

which indicates that, when TPS increases, the Rating given by the customer will also be higher. 

We also computed the average TPS by country. Customers with lower TPS were from New 

Zealand, Canada, and South Africa. Customers from the United Kingdom and Ireland were the 

most frequent restaurant visitors (representing 80% of the customers and 62% of the 

TripAdvisor reviewers), but they were not the most satisfied (average TPS of 0.66 and 0.77 

respectively). Such information is helpful to define managerial and marketing strategies, for 

example, to address the issues raised by the most frequent customers. 

Both negative and positive reviews are potentially important for restaurateurs daily 

decisions (Phillips et al., 2017). However, since all restaurants have an average Rating greater 

than four (Table 3), the most frequent words in ORs concurrently reflect positive sentiments. 

To confirm this, we used the tidytext package (Silge & Robinson, 2017) to assess how the 



different sentiments are represented across the reviews. We found a total of 4,466 positive and 

738 negative words, thus revealing an overall stronger positive customer opinion. Nevertheless, 

customer feedback evolves through time. For instance, we have identified that the average TPS 

by month presents a decrease between June and October, which occurred while there was an 

increase in the number of customers.  

To facilitate the evaluation of the dynamics of the information, the proposed dashboard 

includes a temporal dimension for showing relevant Rating and TPS indicators (e.g., last day, 

week, or month). The dashboard also includes a visual word network representation (shown in 

Fig. 1), which is adapted to a time period and that is related to the most frequent words by 

Rating and also the combination of adjectives and nouns. 

As described in section 3.4, we include a co-occurrence analysis to assess the main links 

between the words mentioned in the reviews by customers. All nouns and adjectives were used. 

This enables to assess, for example, if a “restaurant” considered as “excellent” is more linked 

to “food” or to “service”. Fig. 2 (a) represents the network with the most frequent word 

combinations in all the reviews. According to current body of knowledge, negative ORs can 

have a dramatic impact on the business (McGuire, 2016; Sparks et al., 2016; K. Xie et al., 2017). 

Thus, negative factors are presented in the network of Fig. 2 (b), which represents the most 

frequent word combinations in the reviews with less than four in the Rating scores. Finally, the 

network in Fig.2 (c) represents the words following other terms in negative reviews.  



 

(a) 

 

(b) 

 

(c) 

Fig. 2 Word network representations: (a) co-occurrences within sentence in all the reviews (nouns and 

adjectives); (b) co-occurrences in the less positive reviews (Rating between 1 and 3); (c) words following one 

another in less positive reviews. 



For instance, “poor service” or “average food” are two frequent combinations in the ORs. 

As previous studies showed, in a fine-dining restaurant, food, physical environment, service 

and price are factors mentioned in ORs to describe the restaurant experience (Boo, 2017; 

Hsu et al., 2018; Nitiwanakul, 2014; Spyridou, 2017). The presented networks can 

complement the decision-making process by providing a roadmap for improvements. 

4.2. KPI and restaurant performance 

Restaurateurs monitor daily KPIs to analyze business performance and make decisions 

in order to maximize revenue. We propose a new performance indicator (𝐾𝑃𝐼𝑆𝑒𝑛𝑡) that 

combines business performance and customer perspective. This KPI consists of the sum of four 

ratios: 

• the average Rating in the period I (that varies between 0.2 and 1), by the maximum 

Rating possible; 

• the average TPS of the title and the review in period i by the maximum TPS ever; 

• the number of customers in period i by the maximum seats available for the season, 

which means in summer some restaurants have more available tables than winter; and 

• the average Yield in period i by the maximum Yield ever. 

𝐾𝑃𝐼𝑆𝑒𝑛𝑡(𝑖) = 1 +
𝐴𝑣𝑔. 𝑟𝑎𝑡𝑖𝑛𝑔𝑖

𝑀𝑎𝑥(𝑟𝑎𝑡𝑖𝑛𝑔)
+

𝐴𝑣𝑔. 𝑆𝑒𝑛𝑡𝑖

𝑀𝑎𝑥(𝑆𝑒𝑛𝑡𝑇𝑖𝑡𝑙𝑒)
+

𝑁𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠𝑖

𝑀𝑎𝑥 𝑁𝑟 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠

+
𝑌𝑖𝑒𝑙𝑑𝑖

𝑀𝑎𝑥(𝑌𝑖𝑒𝑙𝑑)
 

where  
1

5
≤

𝐴𝑣𝑔.𝑟𝑎𝑡𝑖𝑛𝑔

𝑀𝑎𝑥(𝑟𝑎𝑡𝑖𝑛𝑔)
≤ 1, −1 ≤

𝐴𝑣𝑔.𝑆𝑒𝑛𝑡

𝑀𝑎𝑥(𝑆𝑒𝑛𝑡𝑇𝑖𝑡𝑙𝑒)
≤ 1,  0 ≤

𝑁𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠

𝑀𝑎𝑥 𝑁𝑟 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠
≤ 1, 

  0 ≤
𝑌𝑖𝑒𝑙𝑑

𝑀𝑎𝑥(𝑌𝑖𝑒𝑙𝑑)
≤ 1,  

𝐾𝑃𝐼𝑆𝑒𝑛𝑡 varies between 0.2 (level ‘Poor’) and 5 (level ‘Excellent’) and can be calculated 

for any period. Ideally, the restaurateur should have high values of 𝐾𝑃𝐼𝑆𝑒𝑛𝑡 , which means a 



high number of customers that pay high values for the experience, and that express high levels 

of satisfaction. When the 𝐾𝑃𝐼𝑆𝑒𝑛𝑡 presents low values, the restauranteur needs to see in the 

dashboard if the origin was a low number of customers, a low value of yield, or low levels of 

satisfaction. For instance, if 𝐾𝑃𝐼𝑆𝑒𝑛𝑡 is 2.5, in a period with a high number of customers and 

high average Yield, it means that customers presented dissatisfaction factors in ORs and the 

dashboard indicates those factors. This KPI is another informative tool that can be used by 

managers in combination with the co-occurrence network to assess the units’ performance. 

4.3. Forecast sales using online reviews and historical sales data 

To forecast the monthly number of customers from January to September 2017, we used 

the BM. Thus, the imitation coefficient 𝑞 is the average TPS. In fact, TPS values are important 

for prediction because customers who gave the same Rating can have different values of TPS 

(Fan et al., 2017). Furthermore, the external influence (𝑝) can be measured by inspecting the 

relative search interest (RSI) on Google Trends, i.e., 𝑝 is the probability of purchase of a 

candidate customer, in a given period, that can be estimated by RSI (Zhang et al., 2020). 

However, the potential customers are affected by mass media that promotes resort brands, or 

golf camps brands, where the restaurant belongs. Thus, customers do not search the restaurant 

name and in some months, RSI is null. In the period under study, restaurants A to D present 

average values of RSI between 0.1 and 0.3, and restaurant E and F does not appear on Google 

trends. Nonetheless, this model is more affected by WoM than by innovation (Sultan et al., 

1990). Thus, we keep 𝑝 constant as recommended by Sultan et al. (1990), (𝑝 = 0.03). 

Moreover, instead of keeping 𝑚 constant, we calculate the potential market at 𝑡 month by 

considering the imitation coefficient of the previous month and the respective sales of the same 

months in previous years. 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝑆𝑡−12, 𝑆𝑡−24) =
𝑚𝑡

4𝑞𝑡−1

(𝑝 + 𝑞𝑡−1)2 ⇔ 𝑚𝑡 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝑆𝑡−12, 𝑆𝑡−24)4𝑞𝑡−1

(𝑝 + 𝑞𝑡−1)2
 



Forecasted sales were computed as follow: 

𝑆𝑡 = 𝑝𝑚𝑡 + (𝑞𝑡−1 − 𝑝)𝑌𝑡−1 − (
𝑞𝑡−1

𝑚𝑡
) [𝑌𝑡−1]2 = (𝑝 +

𝑞𝑡−1𝑌𝑡−1

𝑚𝑡
) (𝑚𝑡 − 𝑌𝑡−1) 

In order to measure the model performance (evaluation step of the knowledge discovery 

process, see Fig. 1) we decided to use the decomposition model (Yaffee & McGee, 2000) and 

compare results. For instance, decomposition models are used to define trends and seasonal 

factors such as holiday effects or agricultural factors in time series. The basic decomposition 

models can have two structures: additive or multiplicative. In this context, we used an additive 

model (AM) because the seasonal variation is relatively constant over time and the number of 

customers in each restaurant has a maximum value. Furthermore, AM is widely applicable and 

gives a way of decomposing a time series into simple time series. Moreover, it is flexible and 

constructive method (Quan & Cai, 2009). 

Thus, we decompose our time series into seasonality, trend-cycle, and residual effect. 

First, seasonality is the fluctuation that occurs for each period. In the restaurants under study, 

there is a regular annual variation of customer’s number. Second, trend implies a linear increase 

or decrease in the time series over a period. Furthermore, the trend can be deterministic or 

stochastic. Moreover, cyclical fluctuation is the trend variation that results from economic 

cycles. In fact, business cycles and the tourism demand cycle is cointegrated (Croes & 

Ridderstaat, 2017). However, the period under analysis benefits of an European financial 

stability created by the policies implemented as a response to the 2007-8 financial crisis 

(Maggs, 2020). Moreover, as reported by the World Tourism Organization, between 2010  to 

2017, there was a sustained growth in international tourist arrival (UNWTO, 2018). Therefore, 

in our model, we keep the trend and cyclical fluctuation together in one component, trend-cycle 

(Yaffee & McGee, 2000). Finally, the residual effect is the random error effect. The overall 

model is designed as: 



𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠 = 𝑆𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦 + 𝑇𝑟𝑒𝑛𝑑_𝐶𝑦𝑐𝑙𝑒 + 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑒𝑓𝑓𝑒𝑐𝑡 

For each restaurant, the AM was calculated to forecast monthly values from the year of 

2017. We smoothed the time series by using a centered moving average, in which we used 

values from before and after the current time. Then, the trend-cycle was estimated by using 

linear regression over the smoothed time series. The next step was to obtain a seasonal 

component by subtracting the trend-cycle estimated from the series. The forecasted values were 

calculated using the de-trended series and the seasonal. Finally, we calculated the average of 

the residual effect: 

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑒𝑓𝑓𝑒𝑐𝑡 (𝑖) = 𝑠𝑒𝑟𝑖𝑒𝑠(𝑖) − 𝑡𝑟𝑒𝑛𝑑 (𝑖) − 𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦 (𝑖) 

The results from the AM and the BEM were compared. To measure the fit precision we 

used the root mean squared error (RMSE) and the coefficient of determination (𝑅2) (Fan et al., 

2017; Yaffee & McGee, 2000). To measure the accuracy of the model we used the mean 

arctangent absolute percentage error (MAAPE) (S. Kim & Kim, 2016) because the mean 

absolute percentage error (MAPE) is distorted by outliers. 

MAAPE =
1

𝑛
∑ 𝑎𝑟𝑐𝑡𝑎𝑛 (|

𝑦𝑖−𝑦�̂�

𝑦𝑖
|)𝑛

𝑖=1    

RMSE = √
∑ (�̂�𝑖−𝑦𝑖)2𝑛

𝑖=1

𝑛
   

𝑅2 =
∑ (�̂�𝑖−𝑦�̅�)2𝑛

𝑖=1

∑ (�̂�𝑖−𝑦�̅�)2𝑛
𝑖=1 +∑ (𝑦𝑖−�̂�𝑖)2𝑛

𝑖=1

   

As presented in Table 4, the BEM presents: better values of MAAPE in all the restaurants 

except restaurant F; better values of RMSE in restaurants A, C and D; and better values of 𝑅2 



in restaurant A. Furthermore, the BEM achieves values of 𝑅2 greater than 0.6, which also 

indicates an acceptable level of model performance. 

Table 4 

Obtained results for the Bass Emotion (BEM) and Additive (AM) models (best values are highlighted using a gray 

background color) 

 𝐌𝐀𝐀𝐏𝐄 𝐑𝐌𝐒𝐄 𝑹𝟐 

Restaurant BEM AM BEM AM BEM AM 

A 0.36 0.51 490 1071 0.92 0.88 

B 0.36 0.51 557 550 0.83 0.92 

C 0.34 0.47 52 67 0.68 0.9 

D 0.44 0.65 690 1193 0.71 0.76 

E 0.28 0.36 482 325 0.83 0.85 

F 0.39 0.3 1031 592 0.76 0.95 

 

4.4. Evaluation of the information usefulness 

In this section, we evaluate the usefulness of the provided information through a 

dashboard that visually shows the impact of ORs into business performance and highlights 

factors to improve or promote to maximize sales (Fig. 3). By incorporating the innovative BEM 

forecast model, this visually appealing display of information can be used by managers (Wexler 

et al., 2017) through an overview of the past, current, and future performance. In fact, while 

restaurateurs already have customer information from social networks and business 

performance KPI’s into the same system, the combination of a forecast model with social media 

feedback has no precedent in the foodservice literature. 

The dashboard has three main elements for decision support. First, business 

performance indicators, such as the average number of customers per day and the average Yield 

for the period. As well as, 𝐾𝑃𝐼𝑆𝑒𝑛𝑡(𝑖) that shows the relationship between business performance 

and customer satisfaction. For instance, if 𝐾𝑃𝐼𝑆𝑒𝑛𝑡(𝑖)  is less than excellent the restauranteur 

can see in the dashboard if it is caused by a low number of customers and/or Yield, if not, he 

can explore information from ORs. Then, factors of satisfaction or dissatisfaction are presented 



in a visual word network. The restauranteur can see the frequent combinations between words 

and adjectives pointed by customers by the level of satisfaction. The goal is to prioritize actions 

to improve service standards or promote attractive elements to, for example, enhance marketing 

actions. Furthermore, this section can also show the level of customer satisfaction by 

nationality. Finally, the dashboard presents the number of customers expected as a result from 

the forecast, and the comparison between real sales and budget. We followed the best practices 

in dashboard design to facilitate the evaluation of the information provided (Few, 2006; Pestana 

et al., 2018; Wexler et al., 2017). 

The evaluation of the dashboard was made in three steps: first, a hospitality expert was 

interviewed and provided some pros, cons, and improvements that were applied. Then, we 

asked a designer to analyze the dashboard. Finally, we interviewed a restaurant manager to 

understand the applicability and usability of the dashboard. The feedback was positive. The 

manager argues that the dashboard helped to daily monitor three important business issues: the 

disappointing factors to improve; the balance between restaurant occupation, revenue, and 

TripAdvisor feedback; and, finally, the expected impact on sales after an increase of customer’s 

satisfaction. The latter point remarked by the manager highlights the usefulness of the 

information provided by the sales forecast BEM model. 

 



 

Fig. 3 Dashboard for restauranteurs 

5. Conclusions 

5.1. Contributions and implications 

In terms of theoretical implications, an innovative aspect of our research is that this 

study proposes a sales forecast model that takes advantage of both revenue and social media 

feedback information to foresee customers’ behavior within the managed restaurants. 

Restauranteurs usually forecast demand by using a methodology from a range of analytical 



models available on existing literature (Lasek et al., 2016). Furthermore, in the hospitality 

industry, many studies have analyzed the impact of online customer feedback in sales. 

However, within the restaurant context, research is still scarce (W. G. Kim et al., 2016). When 

compared with state-of-the-art, the proposed approach presents several advantages. Firstly, we 

contribute to such gap by showing how ORs impact on restaurant performance. Secondly, the 

usefulness of data analytics to combine information from different sources is reflected into the 

perceived value of business information for restaurateurs to prioritize actions efficiently. Thus, 

this innovative approach provides a sales forecast with a good precision and that can be further 

tested in other hospitality contexts. 

As for practical implications, the dashboard proposed provides an overall picture of the 

business that was also positively assessed by experts, which validated our proposal from both 

a theoretical and practical perspectives. Additionally, we have some interesting findings: we 

concluded that both the number of customers per day and yield influence negatively the Rating 

given by the customer. In fact, these findings are consistent with work of Hwang (2008), who 

argued that a high number of customers increases the waiting time and customers tend to be 

more satisfied when they have experienced a shorter waiting time prior to being served. The 

findings are also supported by the study of Kim and Lee (2006) who concluded that price 

enhances customer satisfaction. Our findings also indicate that food and service quality are 

important and are highly mentioned in less positive reviews, which is consistent with the studies 

by Ryu et al. (2012) and by Golani et al. (2017). 

 

5.2. Limitations and future research 

While experts gave positive feedback, we agree that this study presents several 

limitations. Findings cannot be generalized beyond the scope of the analyzed case, as the 

analyzed sample is rather small (including just six restaurants) and from the same geographic 



market, it limits the results. Also, the method to calculate the model parameters can be improved 

by considering other sources of information to improve forecast performance (i.e., market data, 

or digital innovation factors). To address these limitations, in future work we intend to increase 

the number of restaurants analyzed by considering, in particular, restaurants from other 

geographic areas, with different seasonal variations. Furthermore, the type of restaurant is also 

another important factor. In the future, we aim to explore data from more restaurants, 

particularly covering distinct types of restaurants, which would allow us to collect feedback 

from more restauranteurs. Moreover, we only studied reviews written in English, thus we plan 

to extend this study by considering reviews written in other languages. Finally, the use of data 

from TripAdvisor limited our customer sample only to the digital customers of this platform.  
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