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Abstract 

 
Comparing and interpreting restaurant customers’ evolution of 

quality experience and satisfaction before and after the outbreak of 

COVID-19 is of critical importance in terms of preparing the 

resumption of customer demand in the long run. However, while a 

handful of studies have employed online reviews to understand 

customer experience in hospitality, there has not been a systematic 

application of big data analytic techniques to resolve quality issues 

in hospitality. This study aims to explore and demonstrate the 

utility of big data analytics to better understand the difference of 

relationship between restaurant guest quality experience and 

satisfaction before and after the COVID outbreak. Specifically, this 

study applies a text analytical approach to a large quantity of 

consumer reviews extracted from Tripadvisor.com to deconstruct 

restaurant quality experience and examine its association with 

satisfaction ratings. The findings reveal that the association 

between each quality experience factors and satisfaction is 

different, and disaster situation can change the pattern of 

association. In addition, this study reveals that big data analytics 

can prove variables that have been extensively studied in previous 

service quality management literature. 
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1. Introduction 
 

 

The restaurant industry has been among the hardest hit 

industries by coronavirus such that daily restaurant demand 

reduced by 0.06% for every 1% increment (Liu and Chen, 2020). 

This caused both threat and opportunity to the sustainability of the 

restaurant industry. On the threat side, the reduced number of 

dining-out customers undoubtedly harms restaurants’ revenue, and 

customer satisfaction may also decrease depending upon the 

precautionary measures (Zhong and Moon, 2021). However, the 

opportunity side is that customers’ need for tasty food, cozy 

environment, and premium service never actually disappear 

(Davahli, 2020). It is therefore meaningful to observe and interpret 

restaurant customers’ evolution of quality experience and 

satisfaction during COVID-19 to prepare for the resumption of 

customer demand in the long run (Hansen, 2014). 

Based on the necessity of observing and interpreting restaurant 

customers’ evolution of dining quality experience and satisfaction 

before and after COVID-19 as well as the availability of online 

reviews and DINESERV, a restaurant service quality index, this 

study aims at understanding customers’ dining quality demand 

before and after the pandemic outbreak by means of statistically 

aggregating and correlating restaurant online reviews and sorting 

them by DINESERV. So, the main question is how the effect of 

restaurant customers’ quality experience on satisfaction changed 

through the outbreak of COVID-19. More specifically, 5 key 

research questions are examined:  

RQ1: Has Tangibility of restaurant customer quality experience 

influenced more on satisfaction after the COVID outbreak than 

before the outbreak? 

RQ2: Has Assurance of restaurant customer quality experience 

influenced more on satisfaction after the COVID outbreak than 

before the outbreak? 
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RQ3: Has Reliability of restaurant customer quality experience 

influenced more on satisfaction after the COVID outbreak than 

before the outbreak? 

RQ4: Has Responsiveness of restaurant customer quality 

experienced influenced more on satisfaction after the COVID 

outbreak than before the outbreak? 

RQ5: Has Empathy of restaurant customer quality experience 

influenced less on satisfaction after the COVID outbreak than before 

the outbreak? What is the reason for each question? 

The remainder of this paper is thus organized as follows. The 

literature review section provides a brief overview of DINESERV 

and online review analysis of the restaurant industry. The 

methodology section describes in detail the source of online 

reviews, the processing of review data, and regression analysis. 

The finding section compares the effect of each quality factor on 

satisfaction before and after the COVID outbreak and interprets it. 

The final section concludes the paper with implications for future 

restaurant industry. 
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2. Literature Review 
 

 

2.1. Service Quality Index 
 

Stevens, Knutson and Patton (1995) devised an instrument 

called DINESERV to evaluate customers’ perceptions of restaurant 

service quality. They adapted the instrument from SERVQUAL, an 

instrument designed to evaluate service quality, and was proposed 

as a reliable and relatively simple tool for determining how 

customers view a restaurant’s quality. SERVQUAL was developed 

by A. Parasuraman, Valarie A. Zeithamal, and Leonard L. Berry 

(1988). They developed five indicators, Tangibles, Assurance, 

Reliability, Responsiveness, and Empathy. The definition of 

Tangibles is physical facilities, equipment, and appearance of 

personnel. Assurance means knowledge and politeness of 

employees and their ability to convey trust and confidence. The 

definition of Reliability is the ability to perform the promised 

service dependably and accurately. Responsiveness is readiness to 

help customers and provide prompt service. Empathy means caring, 

individualized attention. 

DINESERV items falls into five service quality dimensions 

which are same with that of SERVQUAL. Many studies within the 

restaurant industry have been conducted using SERVQUAL. 

Markovic, Kosmic, and Stifanic (2013) investigated service quality 

of restaurant settings in Zagreb city, based on DINESERV scale. 

The main goal was to assess the restaurant customers’ 

expectations and perceptions in order to identify the differences 

between perceived and expected service quality in Zagreb city 

restaurants. The result of descriptive analysis suggested that the 

most important expectation and perception items were items 

belonging to the dimension reliability, as well as the highest mean 

score. It could be seen that Reliability was the most significant 

dimension with the highest scores for items “Accurate bill” and 
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“Error-free served order (food)”, regardless of the continental or 

costal region in Croatia. 

Shi and Wang (2011) also studied service quality of a 

restaurant enterprise. They established evaluation system for 

restaurant based on SERVUQAL. Empirical study was done for Y 

restaurant in Mianyang, China. The factors were modified by asking 

manager and employee of restaurant’s suggestion. They developed 

20 evaluation indices with five same service quality attributes, 

Tangible, Assurance, Reliability, Responsiveness, and Empathy. 

According to the evaluation framework, they concluded Tangible 

and Empathy factors were good for Y restaurant, but they couldn’t 

achieve customer’s aim. Assurance should be developed, because 

it’s service quality score was very low. Based on the results of 

quality evaluation, improved projects were proposed for the 

restaurant enterprise. 

 

 

2.2. Online Review Analysis of Restaurant Customer 

Experience 
 

Many studies on customer experience in the service industry 

through big data analysis have been conducted recently. Jia (2021) 

described and analyzed customers’ dining behavior before and after 

the pandemic outbreak by statistically aggregating and empirically 

correlating 651,703 restaurant-user-generated contents posted by 

diners during 2019-2020. They used latent Dirichlet allocation to 

identify twenty review topics, mostly food, whereas analysis of 

variation and rating-review regression were performed to explore 

whether and why customers became less satisfied. Interestingly, 

queuing, the most annoying factor for restaurant customers during 

normal periods, turned out to receive much less complaint during 

COVID-19. This study provided practical suggestions to managers 

regarding the framework of self-evaluation, business mode, and 

operational optimization. 
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Chen and Riantama (2021) explored whether customer voices 

from social media reviews were different during the COVID-19 

outbreak and to propose a new method to reduce interpersonal 

contact when collecting data to treat the sharply dropped sales of 

fast-food businesses. A text mining scheme which included least 

absolute shrinkage and selection operator (LASSO) and decision 

trees (DT) were presented to discover the essential factors for 

customers to increase their satisfaction from un-structed online 

customer reviews. Compared with the normal period, during the 

epidemic period, customers obviously paid more attention to safety 

protections. This could be seen from the increase in the frequency 

of certain words, such as COVID, mask, corona, and so on. During 

COVID-19, staff policy was put as the least important attribute to 

increase their customer satisfaction, since the policy was new for 

them because restaurant changed some policies to prevent and 

protect their staff from corona virus. Experimental results might 

help companies to properly overcome similar epidemic situations in 

the future and facilitate their sustainable development. 

Bilgihan, Seo and Choi (2018) analyzed online customer 

reviews for restaurant and underpinned the restaurant satisfiers 

and nature of online restaurant reviews. After retrieving 2214 

usable customer comments on Yelp.com, using a coded web spider, 

a series of both qualitative (e.g., tag clouds, word networks, and 

word trees were created using data visualization techniques) and 

quantitative (e.g., MANOVA) data analysis techniques were used to 

discover the satisfiers and dis-satisfiers of different types of 

restaurants. Three distinct types of clues – functional, mechanic, 

and humanic – explained a customer’s overall perception of a dining 

experience that led to satisfaction or dissatisfaction. Unlike the 

previous study (Andaleeb and Conway, 2006), the restaurant’s 

physical design and appearance (mechanic clues) did not have a 

significant effect on satisfaction. 

Xiang, Schwartz, Gerdes, and Uysal (2015) explored and 

demonstrated the utility of big data analytics to better understand 

important hospitality issues, namely the relationship between hotel 
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guest experience and satisfaction. This study applied a text 

analytical approach to a large quantity of consumer reviews 

extracted from Expedia.com to deconstruct hotel guest experience 

and examined its association with satisfaction ratings. The study 

found several dimensions of guest experience that carried varying 

weights and had meaningful semantic compositions. They concluded 

maintenance-related and experimental aspects of the hotel and 

deals were the most important factors associated with guest 

satisfaction.  In addition to these two domains of customer 

behavior, the association between guest experience and satisfaction 

appeared strong. 

 

 

2.3. Contribution 
 

In this study, we tried to analyze how the impact of customer 

quality experience on customer satisfaction has changed after the 

outbreak of COVID-19 in the restaurant industry utilizing online 

reviews data and DINESERV. In that this is the first study which 

has conducted this topic, the study has an important contribution. 

Although two previous studies (Markovic et al., 2013) (Shi and 

Wang, 2011) measured restaurants’ service quality based on 

DINESERV, they did not compare the difference before and after 

the coronavirus outbreak and did not use online review data either. 

Studies utilized online review data in order to identify an influence 

of customer experience on customer satisfaction in the service 

industry had been conducted (Jia, 2021) (Chen and Riantama, 

2021) (Bilgihan et al., 2018) (Xiang et al., 2015), however, they did 

not focus on quality-related meanings.  
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3. Methodology 
 

 

3.1. Data Collection 
 

This study obtained online review data from Tripadvisor.com, 

the world’s largest travel guidance platform helping hundreds of 

millions of people discover where to eat and where to stay based on 

guidance from who had been there before. This study focused on 

the top 13 restaurants in New York City with the most online 

reviews posted up to November 2021. Since New York City is the 

city with the largest population among countries where the first 

language is English, this could help achieve best research cost 

efficiency (Jia, 2019). Regarding the 13 restaurants, the online 

reviews posted from April 2018 to November 2021 were obtained 

from Tripadvisor.com. The sampling period was chosen as such 

because 21 January 2020 was a key time point for US citizens 

regarding COVID-19, around which people began to have COVID in 

US (Centers for Disease Control and Prevention, 2020). Therefore, 

the first 22 months were regarded as not influenced by COVID-19, 

whereas the second 22 months were treated as influenced by 

COVID-19. Each period was set the same (Perez-Lopez et al., 

2021). 

The process resulted in 15014 responses, which were 

comparable to the sample size of text mining studies. For example, 

Bilgihan, Seo and Choi (2018) used a sample of 2214 online 

restaurant reviews to conduct qualitative and quantitative analysis. 

Chen and Riantama (2020) used a sample of 770 online restaurant 

reviews for text mining. Na, Thet, and Khoo (2010) collected 520 

online movie reviews to conduct sentiment analysis. White (2013) 

used a sample of 130 reviews to use data visualization tools. Fig. 1 

displays a screenshot of a customer review page taken from 

Tripadvisor.com. As can be seen, along with these reviews there 

are also other types of information including satisfaction rating and 
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date. The main goal of the analysis was to understand the quality 

framework of customer reviews and how they were associated with 

restaurant guest satisfaction (i.e., satisfaction rating). 

 

 

<Fig. 1. Screenshot of a customer review on Tripadvisor.com> 

 

 

3.2. Data Pre-processing 
 

Data pre-processing was followed to do data analysis (Fan et 

al., 2006). Typical textual data pre-processing involves a series of 

operations such as misspelling identification and removal of words 

such as certain pronouns, adverbs, and conjunctions. This process 

aimed to classify guest quality experience-related words and non-

guest quality experience-related ones. However, since to our 

knowledge there was no readily available “dictionary” that describes 

restaurant guest quality experience, these operations were 

conducted manually and simultaneously through an iterative 

process. Considering the huge size of the word bank, this was a 

struggling and labor-intensive process. 

Basically, any words that demonstrated guest quality 

experience were contained as part of the dictionary with a few 
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exceptions: (1) get rid of words as mentioned above; (2) generic 

nouns such as “dinner”, “september”, “italy”, ‘thing”, “nyc”, “day”, 

and “2021”, etc. due to the lack of specificity; (3) generic verbs 

such as “try”, “look”, “say”, “go”, “love”, “need”, “set” and “think” 

because it was assumed meanings of these words were already 

captured in the objects of these verbs; (4) words related to 

restaurant brands such as “jason”, “bruno”, “clubsteakhouse”, 

“madison”, and “midtown” since restaurant identity was contained in 

the original downloaded dataset anyway. This coding process was 

done repeatedly from words with high frequencies to those with low 

frequencies. This process resulted in a dictionary of each 227628 

(before the COVID outbreak) and 47108 (after the COVID 

outbreak) words that were used by customers to describe their 

quality experiences at a specific restaurant. 

George et al. (2014) proposed that when dealing with big data 

for statistical analysis, effect sizes and variance explained should be 

focused on instead of the conventional p value of relationships. 

Also, more data was not always better for big data analysis 

necessarily (Boyd and Crawford, 2012). Therefore, we focused on 

identifying guest experience-related words with the highest 

illustrative power on guest’s satisfaction rating. Majority of these 

227628 (before the COVID outbreak) and 47108 (after the COVID 

outbreak) words had relatively low total frequencies. Fig. 2 shows 

the distribution of the word bank after the COVID outbreak based 

upon frequency. Without doubt, this was a problem for our analysis 

when one of the assumptions was the covariance between variables 

(word frequencies). As such, words with very low frequencies, less 

than 100 times, were removed. This model was optimized by 

adjusting the word frequency thresholds to maximize the 

explanatory power on satisfaction rating in a linear regression. As a 

result, the dataset was reduced to each 80 customer experience-

related words (see Fig. 3 and 4). 
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<Fig. 2. Distribution of the Word Bank based upon frequency after the 

COVID outbreak> 

 

Before the Outbreak of COVID-19 

1 food 21 friend 41 authentic 61 recommended 

2 restaurant 22 eat 42 server 62 husband 

3 service 23 menu 43 drink 63 hear 

4 time 24 small 44 wife 64 top 

5 date 25 birthday 45 attentive 65 recommendation 

6 family 26 waiter 46 fresh 66 appetizer 

7 enjoyed 27 first 47 chefowner 67 minute 

8 delicious 28 ordered 48 price 68 booked 

9 staff 29 waiter 49 kind 69 tasty 

10 patsy 30 recommend 50 quality 70 outstanding 

11 responded 31 bar 51 big 71 choice 

12 table 32 special 52 served 72 side 

13 new 33 everything 53 seated 73 location 

14 reservation 34 please 54 old 74 area 

15 atmosphere 35 people 55 order 75 show 

16 club 36 style 56 carmine 76 ambiance 

17 friendly 37 trip 57 large 77 sauce 

18 wine 38 busy 58 ive 78 group 

19 dish 39 dining 59 fun 79 arrived 

20 portion 40 huge 60 city 80 room 

<Fig. 3. The 80 primary words in hotel customer reviews before the 

COVID outbreak> 
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After the Outbreak of COVID-19 

1 food 21 attentive 41 club 61 finish 

2 service 22 friend 42 friendly 62 fast 

3 restaurant 23 week 43 option 63 pasta 

4 delicious 24 ambiance 44 meal 64 surprise 

5 staff 25 fresh 45 professional 65 casual 

6 menu 26 portion 46 server 66 traditional 

7 time 27 spot 47 quite 67 sitting 

8 outdoor 28 atmosphere 48 boyfriend 68 helped 

9 authentic 29 table 49 sat 69 paired 

10 new 30 enjoyed 50 plate 70 gooddate 

11 experience 31 outdoors 51 size 71 interesting 

12 ordered 32 order 52 environment 72 local 

13 dish 33 ball 53 responded 73 bland 

14 recommend 34 trip 54 lot 74 dining 

15 family 35 quality 55 glass 75 desert 

16 seating 36 price 56 cozy 76 atmospheredate 

17 waiter 37 tasty 57 pleasant 77 wait 

18 dessert 38 disappointed 58 simply 78 authenticity 

19 everything 39 appetizer 59 clean 79 scrumptious 

20 simple 40 choice 60 treated 80 definitive 

<Fig. 4. The 80 primary words in hotel customer reviews after the COVID 

outbreak> 

 

 

3.3. Factor Analysis 
 

To answer the five research questions, factor analysis was 

conducted to identify the underlying quality structure of customer 

reviews. Even though the variables were non-metric, factor 

analysis was deemed appropriate since the variables in focus are 

correlated to each other (Hair et al., 2009). More importantly, 

factor analysis extracts the communalities among these words, 

which, in this case, represented the connectivity of words in a 

specific factor because the variance is based upon co-occurrences 

of these words within the same customer reviews. Through this, 

derived factors actually meant the common semantic space, i.e., the 
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contexts where words occurred. As can be seen in Table 1 and 2, 

five meaningful factors consisting of each 30 and 47 words out of 

the final 80 words in Fig. 4 emerged from the factor analysis. 

Different from factor analysis based upon metric data, factors 

extracted from this analysis described the common semantic spaces 

in customer reviews. Since the loadings were relatively low 

(compared to factor analysis conducted using established metric 

scales), the cutoff loading was set ().20 in order to capture as 

many words as possible. Also, the cutoff eigenvalue was set at 1.5 

because, as the number of factors increased, the more difficult it 

became to interpret those “small” factors. 

 

 

3.4. Domain Identification 
 

Since statistical analysis aims to examine the associations 

between the identified domain-related words and the dependent 

variable (i.e., restaurant guest satisfaction in this case), domain 

identification is critical for establishing content validity with the 

focus on deriving conceptually related linguistic entities (words) 

from the corpus (Krippendorff, 2012). To ensure validity and 

reliability, Xiang, Schwartz, Gerdes and Uysal (2015) established a 

coding schema to guide the domain identification process in order to 

classify words related to hotel guest experience. The coding 

schema was set referring to the existing literature on each stage of 

the guest’s experience with hotels services, i.e., arrival, on-site 

experience, and departure (Kotler et al., 2006). Words that 

reflected those aspects of guest experience were classified: (1) the 

context of arrival, such as purpose of stay (“business”, “leisure”, 

and “wedding”), travel party (e.g., “family”, “kids”, and “husband”); 

(2) guests’ verbal evaluation of the on-site experience (e.g., 

“friendly”, “helpful”, “courteous”, “clean”, “comfortable”, “safe” and 

“smelled”); and, (3) expression of possible future actions (e.g., 

“recommend” “return” and “future”). It is believed that the schema 

would have had a better chance to capture the complex and 
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distinctive nature of personal experience and thus increased the 

likelihood for it to be related to the customer’s overall satisfaction 

with a hotel property. 

Likewise, the words in this study were classified by DINESERV 

to guide the domain identification process (see Appendix for the 

schema). DINESERV took into account the existing literature on 

each dimension of the guest’s quality experience with restaurants 

services, i.e., Tangibility, Assurance, Reliability, Responsiveness, 

and Empathy (see Table 1 and 2). The first factor was named 

“Tangibility” because it appeared to be comprised of groups of 

words that represented dining area, décor in keeping with its image 

and price rage, and attractive menu. The first group of words, 

including “family”, “style”, “large”, “restaurant”, “delicious”, “staff”, 

“outdoor”, “seating”, “portion”, “spot”, “price”, “environment”, 

“pleasant”, “pasta”, “casual”, “sitting”, seemed to be dominated by 

physical environment which could affect the customer’s perception 

of restaurant. What was revealing was that some words had the 

opposite sign in their loadings: loadings of “delicious”, “price”, and 

“sitting” were negative while other words were all positive. This 

suggested that, in the semantic space that represented Tangibility, 

they belonged to two very different contexts of meaning (Xiang et 

al., 2015). In other words, when a consumer mentioned words such 

as “delicious”, “price”, or “sitting”, he/she was unlikely to use other 

words in the first group to describe the quality experience. 

Behaviorally speaking, it seemed the price-related aspects blocked 

the space-related aspects of the restaurant experience in the 

customer’s mental model. 

Factor 2 was named “Assurance” because the word 

“chefowner” and “menu” occurred with “club”, “birthday”, “please”, 

“kind”, “recommendation”, “new”, “cozy”, “interesting”, “local”, and 

“atmosphere”. Words represented personnel giving customers 

information about menu confidently and making them feel 

comfortable. The third factor “Reliability” consisted of “table”, 

“reservation”, “eat”, “small”, “people”, “booked”, “arrived”, 

“ordered”, “simply”, and “clean”. Words represented the promised 
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service performed dependably and accurately. “Ordered” and 

“simply” had negative signs suggesting that when customers 

mentioned “clean”, it was unlikely referring to “ordered” and 

“simply”. This implied that the word “clean” tended to have a 

negative connotation when customers talked about other two words. 

The fourth factor reflected the prompt service because the word 

“time” and “fast” occurred with “restaurant, “enjoyed”, “responded”, 

“service”, “tasty”, “disappointed”, “appetizer”, and “bland”. The fifth 

factor was named as “Empathy” because the words were linked with 

their private events (“date”, “friend”, “trip”, and “boyfriend”) or 

special atmosphere they wanted to feel (“special”, “authentic”, 

“outdoors”, “glass”, and “traditional”). 

 

Words(N=30) 
Factor loadings (shows only those with 

loadings>.20) 
  

  F1 F2 F3 F4 F5 

Tangibility      

 family 0.55     

 style 0.81     

 large 0.20     

Assurance      

 club  1.03    

 birthday  0.25    

 please  -0.28    

 chefowner  -0.30    

 kind  0.45    

 recommendation  0.47    

Reliability      

 table   0.26   

 reservation   0.35   

 eat   0.25   

 small   0.29   

 people   0.21   

 booked   0.42   

 arrived   0.21   

Responsiveness      

 restaurant    0.60  

 time    0.45  

 enjoyed    0.38  

 responded    0.54  

Empathy      

 date     0.24 

 portion     0.45 
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 friend     0.32 

 menu     0.21 

 special     0.25 

 big     0.34 

 served     0.30 

 order     0.31 

 appetizer     0.46 

  sauce         0.39 

<Table 1. Factor loadings of words before the COVID outbreak> 

 

 

Words(N=47) Factor loadings (shows only those with loadings>.20)   

    F1 F2 F3 F4 F5 

Tangibility      

 restaurant 0.35     

 delicious -0.20     

 staff 0.46     

 outdoor 0.77     

 seating 0.68     

 portion 0.93     

 spot 0.77     

 price -0.22     

 environment 0.93     

 pleasant 0.94     

 pasta 0.23     

 casual 0.96     

 sitting -0.23     

Assurance      

 menu  -0.32    

 new  -0.51    

 cozy  -0.92    

 interesting  0.39    

 local  -0.97    

 atmosphere  -0.97    

Reliability      

 ordered   -0.62   

 simply   -1.02   

 clean   0.32   

Responsiveness      

 service    0.37  
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 tasty    0.90  

 disappointed    0.90  

 appetizer    0.95  

 fast    -0.28  

 bland    1.00  

Empathy      

 authentic     0.89 

 dessert     0.71 

 everything     0.69 

 week     0.61 

 outdoors     0.84 

 order     0.85 

 trip     0.85 

 quality     0.85 

 meal     0.63 

 quite     0.92 

 boyfriend     0.91 

 sat     0.92 

 glass     0.95 

 treated     0.95 

 finish     0.95 

 surprise     0.97 

 traditional     0.97 

 helped     0.97 

  paired         0.97 

<Table 2. Factor loadings of words after the COVID outbreak> 

 

 

3.5. Multiple Regression Analysis 
 

Linear regression analysis was used to examine the relationship 

between customer quality experience and satisfaction using the 

factor scores as independent variables and average satisfaction 

rating as the dependent variable. 

Table 3 and 4 shows the ANOVA results using average 

satisfaction rating as the dependent variable and the five customer 

quality experience factors as independent variables before and after 

the COVID outbreak. All factors except Tangibility were significant 
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at the p=.01 level, with Reliability having the largest coefficients of 

-0.726 and -1.151, respectively. This suggested that Reliability 

was the most important factor associated with customer 

satisfaction. The signs of these coefficients were quite revealing: 

the positive sign for Tangibility, Assurance, Responsiveness, and 

Empathy (before the COVID outbreak) suggested that these factors 

connoted a positive meaning for guest satisfaction. Meanwhile, the 

negative sign for Reliability (before the COVID outbreak) suggested 

that this factor, represented by the 7 reliability-related words, 

connoted a negative meaning for guest satisfaction. After the 

COVID outbreak, all signs were unchanged except Responsiveness. 

Before the outbreak Responsiveness, represented by the 4 words 

such as “time” and “responded”, connoted a positive meaning for 

customer satisfaction but after the outbreak Responsiveness 

represented by the 6 words such as “service” and “appetizer” 

connoted a negative meaning for customer satisfaction. It was 

interesting, in the case of Reliability, that the words related to 

accurate service such as “ordered” and “simply” had positive factor 

loadings, suggesting a lower satisfaction rating was associated with 

mentions of these words. However, the negative sign for the word 

“clean” suggested that when a low satisfaction score was associated 

with the word “clean” NOT being mentioned in the context of those 

words. 

 

Model coef std err t P>|t| [0.025 0.975] 

Intercept 44.936 0.112 401.183 0.000 44.717 45.156 

Tangibility 0.256 0.124 2.058 0.040 0.012 0.499 

Assurance 0.675 0.112 6.002 0.000 0.454 0.895 

Reliability -0.726 0.097 -7.520 0.000 -0.915 0.537 

Responsiveness 0.349 0.070 5.016 0.000 0.213 0.486 

Empathy 0.535 0.083 6.450 0.000 0.372 0.697 

<Table 3. Results of linear regression analysis before the COVID 

outbreak> 
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Model coef std err t P>|t| [0.025 0.975] 

Intercept 46.214 0.186 248.714 0.000 45.850 46.579 

Tangibility 0.521 0.055 9.550 0.000 0.414 0.628 

Assurance 0.763 0.115 6.608 0.000 0.537 0.990 

Reliability -1.151 0.266 -4.329 0.000 -1.673 -0.630 

Responsiveness -0.909 0.100 -9.126 0.000 -1.104 -0.714 

Empathy 0.222 0.032 6.848 0.000 0.159 0.286 

<Table 4. Results of linear regression analysis after the COVID outbreak> 

 

Coefficient of Tangibility after the COVID outbreak was 

compared with that of before the outbreak, which illustrated that 

Tangibility became more associated with guest satisfaction after the 

COVID outbreak. Tangibility has the coefficients of 0.256 before the 

outbreak and 0.521 after the outbreak, respectively. Coefficients of 

Assurance also verified that it became more associated with 

satisfaction after the outbreak, with Assurance having the 

coefficients of 0.675 and 0.763, respectively. The coefficient of 

Reliability after the outbreak became also bigger, but the negative 

sign suggested that this factor connoted a negative meaning for 

customer satisfaction. Coefficients of Responsiveness suggested 

that it became more associated with guest satisfaction after the 

outbreak, with Responsiveness having coefficients of 0.349 and -

0.909, respectively. However, the sign changed oppositely, which 

meant that, before the outbreak, the mentions of responsive service 

was associated with a high satisfaction rating but, after the 

outbreak, they became associated with a low satisfaction rating. 

Interestingly, coefficients of Empathy suggested that this factor 

became less associated with customer satisfaction after the COVID 

outbreak, with Empathy having the coefficients of 0.535 before the 

outbreak and 0.222 after the outbreak. All differences between each 

two independent correlation coefficients were significant at p=.01 

level. (Preacher, K.J. 2002) 
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4. Findings 
 

 

This section presented the main findings, in two steps: the first 

step compared the sign and absolute value of coefficients before the 

outbreak with after the outbreak in order to figure out how the 

relationship with customer satisfaction changed. The second step 

analyzed the words in detail to figure out which part of quality 

factors influenced on change of satisfaction. 

 

4.1. Tangibility 
 

Absolute value of Tangibility coefficients increased, which 

meant Tangibility influenced customer satisfaction more after the 

COVID outbreak (more than doubled based on the sample) than 

before the outbreak. Both signs were positive, which described that 

mentions of Tangibility-related words with positive loadings 

influenced customer satisfaction positively before the COVID 

outbreak, and influenced stronger after the outbreak. This 

suggested that customers were satisfied with physical facilities 

more after the outbreak than before. The words in the factor were 

“family”, “style”, and “large” before the outbreak of COVID, 

and after the outbreak, “restaurant”, “delicious”, “staff”, 

“outdoor”, “seating”, “portion”, “spot”, “price”, 

“environment”, “pleasant”, “pasta”, “casual”, and “sitting”. 

The distinct words during the latter period were “outdoor”, 

“seating”, “environment” and “spot”, which implied that 

customer became more interested in outdoor seating such as 

terrace more than before the outbreak. This showed that the 

demand for ventilation increased to prevent the diffusion of 

coronavirus and most of restaurants satisfied it. The word “price” 

suggested that customer became more sensitive to price after the 

outbreak. It meant that the demand for low price increased because 
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of harsh economic conditions due to COVID-19, and majority of 

restaurants had not met it. 

 

 

4.2. Assurance 
 

Absolute value of Assurance coefficients increased, which also 

suggested that Assurance influenced satisfaction more after the 

COVID outbreak than before the outbreak. Both signs were positive, 

which also meant that the mentions of Assurance-related words 

with positive loadings influenced customer satisfaction positively 

before the COVID outbreak, and influenced stronger after the 

outbreak. This proposed that customers were satisfied with 

confidential service more after the outbreak than before. The words 

in the factor were “club”, “birthday”, “please”, “chefowner”, 

“kind”, and “recommendation” before the outbreak of COVID, 

and after the outbreak, they were “menu”, “new”, “cozy”, 

“interesting”, “local”, and “atmosphere”. The distinct words 

during the former period were “club” and “birthday”, which 

implied that customers were interested in well-trained service in 

party or club before the outbreak. This meant that the demand for 

active social events was high and most of fancy restaurants in New 

York City satisfied it before the outbreak. Meanwhile, after the 

outbreak, the word “interesting” suggested that customer 

demanded simply interesting service and majority of restaurant met 

it. The mentions of words such as “cozy” and “local” 

demonstrated that an interest in calm ambience increased due to 

fear of infection. 

 

 

4.3. Raliability 
 

Absolute value of Reliability coefficients increased, which 

described that the influence of Reliability on customer satisfaction 

also increased after the COVID outbreak. However, both signs were 
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negative, which meant that the mentions of Reliability-related 

words with positive loadings affected customer satisfaction 

negatively before the COVID outbreak, and affected stronger after 

the outbreak. This suggested that customers were dissatisfied with 

reliable services more after the outbreak than before. The words in 

the factor were “table”, “reservation”, “eat”, “small”, “people”, 

“booked” and “arrived” before the outbreak of COVID, and, after the 

outbreak, “ordered”, “simply”, and “clean”. The notable words 

during the former period were “reservation”, “booked”, “arrived”, 

and “table”, which implied that customers were interested in 

reservation service before the outbreak. Nevertheless, it seemed 

that restaurants could not manage it well because of an excessive 

number of people who were eager to visit. Meanwhile, after the 

outbreak, the word “clean” suggested that customer became more 

interested in cleanliness. This meant that the demand for sanitation 

increased because of coronavirus and most of restaurants could not 

satisfy it. On the other hand, the words such as “ordered” and 

“simply” implied that customers needed accuracy of serving more 

after the COVID outbreak. This suggested that, after the outbreak, 

customers expected restaurants to manage the basic service better 

than any other service. 

 

 

4.4. Responsiveness 
 

Absolute value of Responsiveness coefficients increased, which 

verified that the influence of Responsiveness on customer 

satisfaction also increased after the COVID outbreak. Signs were 

opposite, which described that the mentions of Responsiveness-

related words with positive loadings affected satisfaction positively 

before the COVID outbreak, but affected negatively after the 

outbreak. This suggested that customers were satisfied with 

responsive service before the outbreak, but they did not after the 

outbreak. The words in Responsiveness were “restaurant”, “time”, 

“enjoyed”, and “responded” before the outbreak of COVID, and, 
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after the outbreak, they were “service”, “tasty”, “disappointed”, 

“appetizer”, “fast”, and “bland”. The conspicuous words were 

“service”, “tasty” and “disappointed”, which implied that customers 

got disappointed at service such as taste after the COVID outbreak. 

This suggested that restaurants could not manage overall service 

well during the second period due to few employees. Focusing on 

promptness of service, the restaurants seemed to neglect the other 

parts of service. 

 

 

4.5. Empathy 
 

Interestingly, absolute value of Empathy coefficients decreased, 

which meant the influence of Empathy on customer satisfaction 

decreased after the COVID outbreak unlike other quality factors. 

However, both signs were positive, which proposed that the 

mentions of Empathy-related words with positive loadings affected 

satisfaction positively before the COVID outbreak, and affected 

weaker after the outbreak. This suggested that customers were 

satisfied with special service less after the outbreak than before. 

The words in Empathy were “date”, “portion”, “fiend”, “menu”, 

“special”, “big”, “served”, “order”, “appetizer”, and “sauce” before 

the outbreak of COVID, and, after the outbreak, “authentic”, 

“dessert”, “everything”, “week”, “outdoors”, “order”, “trip”, “quality”, 

“meal”, “quite”, “boyfriend”, “sat”, “glass”, “treated”, “finish”, 

“surprise”, “traditional”, “helped”, and “paired”. The distinct words 

during the former period were “friend” and “big”, which implied that 

customers were interested in special care for big event before the 

outbreak and restaurants met it. Meanwhile, after the outbreak, the 

words such as “boyfriend” and “traditional” suggested that customer 

became interested in individualized care for private event. It meant 

that customers did not expect or want special service for big events 

because of quarantine or depressed ambience, etc. 
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5. Discussion 
 

 

5.1. Conclusion 
 

Restaurant customer quality experience and satisfaction have 

been studied in the service quality literature. Quality experience is, 

undoubtedly, an extremely complex construct. Since previous 

methods usually relied on a set of predefined hypotheses and 

existing knowledge, the attempts were made in the direction of 

either confirming or disconfirming such hypotheses. However, big 

data analytics is different from conventional process. We let the big 

data reveal patterns reflective of consumers’ reliving and evaluation 

of their actual quality experiences with restaurants. Then, we 

attempted to attach meaning to the inferences by bringing patterns 

from large data. Different from previous methods, this way of 

analysis was part of epistemology of generating and creating 

knowledge using big data (George et al., 2014). 

The dictionary identified for restaurant customer quality 

experience before and after the COVID outbreak reflected what 

consumers think were relevant and important that changed their 

(dis)satisfaction with a specific restaurant (Stringam and Gerdes, 

2010). This could answer five research questions planned to study. 

Since customers’ interest in seats of restaurants increased, 

Tangibility influenced more on satisfaction after the COVID 

outbreak than before. Assurance also influenced more on 

satisfaction after the COVID outbreak than before. It seemed 

because the customers demanded competent service more to enjoy 

something interesting from restaurants. Reliability also had a more 

impact on satisfaction after the COVID outbreak than before the 

outbreak, because customers’ interest in basic services such as 

hygiene increased. The reason why Responsiveness influenced on 

satisfaction more after the COVID outbreak than before was that the 

customers’ need for not only promptness but also overall food-
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related service increased. Interestingly, Empathy had a less impact 

on satisfaction after the COVID outbreak than before the outbreak. 

The main reason seemed that customers’ interest in events that 

required a lot of Empathy service decreased. 

It was interesting that the effect of only Empathy on customer 

satisfaction decreased after the COVID outbreak. Some studies 

could support this conclusion. Kim, Kim, and Wang(2021) found that 

the delivery service became important during the COVID-19 

pandemic. Due to fear of infection, consumers wanted to replace 

restaurant visits with at-home consumption. This suggested that 

customers were not attracted by individualized special service of 

restaurant anymore due to the health issue. Bove(2019) proposed 

that Empathy might lead to misappropriation of scarce resources, 

reducing the well-being of the collective. Since customers knew 

that restaurants could not employ enough labors because of 

financial difficulties, they might not want basic service sacrificed. 

Bove also proposed that Empathy from others was not desirable in 

difficult public service contexts. It seemed that empathetically 

sharing the sensitive and depressed sentiments due to COVID was 

not desired by customers. As it might threaten his or her social 

integrity, it might lead to feelings of discomfort (Paulus et al., 

2018). 

 

 

5.2. Contribution and Implication 
 

Our study contributes to the literature in several ways. First, 

this study demonstrates that the usefulness of big data analytics in 

comparing patterns of restaurant customer quality experience 

before and after coronavirus outbreak using consumer generated 

content readily available on the Internet. Even though our analysis 

is based on data generated on a specific website and during a 

specific time period, they reflect the way consumers “talk about” 

their experiences in online reviews. Also, the strong association 

between quality experience and satisfaction seems to be a pattern 
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which can be generalized to a great extent. However, it shows that 

the strength of association is changeable according to disaster 

situations. This finding can be seen as a testable proposition 

derived from the analysis. Second, this study attests that existing 

quality index, DINESERV, is an available and reliable instrument to 

evaluate service quality experience for the real restaurants. It is 

proved by the fact that raw data illustrated by customers directly is 

statistically sorted the same as DINESERV proposed by literature. 

Third, from a practical viewpoint to adapt to pandemic, this study 

offers thought for restaurant management and marketing in that our 

analysis suggests Reliability and Responsiveness need to be 

improved in restaurant services without which the customers 

cannot fully enjoy the experience. In addition, Empathy needs to be 

saved and restaurant managers should spend time on the other two 

factors instead. 

 

 

5.3. Limitations 
 

This study has several limitations and the findings should be 

interpreted with caution. Specifically, self-selection bias appears 

when customers post online reviews (Li and Hitt, 2008). To 

illustrate, satisfaction rating leans toward the positive side as 

clearly shown in our data. Another limitation is that the sample 

collected in this study represents only urban restaurants in New 

York City in the US. Customer experience could be significant 

different in less populated, rural areas. The other limitation is that 

there is not as much data after the COVID outbreak as the data 

before the outbreak. Nonetheless, the internal validity of the data is 

not reduced by potential limitations in the generalizability of the 

findings and thus they do not harm the purpose of demonstrating 

the power of big data analytics in the field of hospitality. 
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Appendix 

 

 

DINESERV  

Instrument Index 

Tangibility 1.Has visually attractive parking areas and building exteriors. 

 2.Has a visually attractive dining area. 

 3.Has staff members who are clean, neat, and appropriately dressed. 

 4.Has a décor in keeping with its image and price range. 

 5.Has a menu that is easily readable. 

 6.Has a visually attractive menu that reflects the restaurant’s image. 

 7.Has dining area that is comfortable and easy to move around in. 

 8.Has restrooms that are thoroughly clean. 

 9.Has dining rooms that are thoroughly clean. 

 10.Has comfortable seats in the dining room. 

Assurance 1.Has employees who can answer your questions completely. 

 2.Makes you feel comfortable and confident in you dealing with them. 

 
3.Has personnel who are both able and willing to give you information 

about menu items, their ingredients, and methods of preparation. 

 4.Makes you feel personally safe. 

 5.Has personnel who seem well-trained, competent, and experienced. 

 6.Seems to give employee support so that they can do their jobs well. 

Reliability 1.Services you in the time promised. 

 2.Quickly corrects anything that is wrong. 

 3.Is dependable and consistent. 

 4.Provides an accurate guest check. 

 5.Serves your food exactly as you ordered it. 

Responsive

ness 

1.During busy times has employees shift to help each other maintain  

speed and quality of service, 

 2.Provides prompt and quick service. 

 3.Gives extra effort to handle your special requests. 

Empathy 1.Has employees who are sensitive to your individual needs and wants  

rather than always relying on policies and procedures. 

 2.Makes you feel special. 

 3.Anticipates your individual needs and wants. 
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4.Has employees who are sympathetic and reassuring if someone is  

wrong. 

  5.Seems to have the customers’ best interests at heart. 

<Appendix. The DINESERV Instrument> 
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국문초록 

  
COVID-19 발병 전후의 레스토랑 고객 품질 경험 및 만족도 

변화를 비교하고 해석하는 것은 향후 고객 수요의 재개를 준비하는 

관점에서 매우 중요하다. 소수의 연구에서 환대 산업의 고객 경험을 

이해하기 위해 온라인 리뷰를 사용했으나, 그동안 어떤 연구도 환대 

산업의 품질 문제를 해결하기 위해 빅 데이터 분석 기술을 체계적으로 

적용하지 않았다. 이 연구는 코로나 전후의 레스토랑 품질 경험과 

만족도 간의 관계를 더 잘 이해하기 위해 빅 데이터 분석의 유용성을 

탐구하고 입증하는 것을 목표로 한다. 특히, 이 연구는 

Tripadvisor.com 에서 추출한 대량의 소비자 리뷰에 텍스트 분석 접근 

방식을 적용함으로써, 레스토랑 품질 경험을 해체 및 분석하고 만족도 

평점 간의 연관성을 조사한다. 결과적으로, 각 품질 경험 요인과 만족도 

간의 연관성이 다르며, 재난 상황으로 인해 연관성의 패턴이 달라질 수 

있음을 시사한다. 또한, 이 연구는 빅 데이터 분석이 기존 서비스 품질 

경영 문헌에서 광범위하게 연구해온 지표들을 증명할 수 있음을 

보여준다.  

 

 

 

주요어 : 서비스 품질; 빅 데이터; 텍스트 분석; COVID-19; 만족; 

DINESERV 
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