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Executive summary 

This study looks at the customer perception and intention to use service robots and kiosk in 

sports betting. Given the prolonged impact of COVID-19 on gaming industry e.g., shortage of 

staff, and the new era of technology the outcomes of this study will benefit casino managers to 

better understand the patron preference regarding artificially enables technology. The outcomes 

will also help casino managers by providing detailed feedback from customers about each agent. 

Moreover, the findings could help tech developers to improve human/machine interface. After 

interviewing eight gaming experts, the latest trends, and obstacles in the adoption of technology 

(specifically service robots) in gaming industry were revealed. Following the interviews, two 

surveys were conducted to measure patron’s perception towards service robot (n=446) and 

kiosks (n=391) in sport books. Extensive data analysis with specific focus on the robot survey 

results was performed, including structural equation modeling, cluster analysis, principal 

component analysis, regression and MANOVA.  

Key findings: Demographic data showed that more than 65% of the respondents were male, 

between 26 to 45, held a bachelor’s degree, more than 77% were employed, and almost 60% 

made between $50k to $100k, which confirms that sample was relatively young and in the early 

stages of their career. The sample aligns with profile of a typical sports betting patron and 

therefore was deemed appropriate to gauge patrons’ interest in using service robots and kiosk in 

sports betting. In both the robot and kiosk survey, ease of use was found to significantly impact 

the patron intention to use the technology. However, in robot survey wow effect was the second 
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most important determining factor of the intention to use service robots in sports betting setting, 

whereas in the kiosk survey usefulness was found the second important factor. This shows that 

people need to see some added benefit by using the kiosk, whereas they would still use a casino 

robot due to the excitement of using a new technology. More importantly, the human/robot 

interaction variables (anthropomorphism, perceived intelligence, and perceived social 

interactivity) significantly influenced the participants perceived ease of use. In particular, the 

more humanlike robots make users believe it must be harder to use, whereas the more intelligent 

and social the robot is perceived to be easier to use. Finally, both studies showed that 

psychological factors (e.g., friendly/unfriendly) positively influenced the users’ trust in service 

robot. Using cluster analysis patrons were identified to belong to two groups of enthusiast 

adopter and ordinary user; the first is eager to use service robots in casinos, while the later 

prefers to use human agents. Enthusiast adopters were younger, more educated, and married, 

while the ordinary user group were found to be older, less educated, and single.  

Next, the MANOVA analysis was conducted to examine the role of profile factors on patron 

attitude and their intention to use service robots. MANOVA tests revealed that in general 

younger participants (21 to 25 years old) and students showed more trust in service robot, found 

it easier to use and experienced more positive human/robot interaction compared to older group 

(46 to 55 and 56 and above) and retired people. Similarly, male subjects showed higher trust in 

service robot and attributed more positive psychological characteristic (kinder, more friendly, 

and more likeable) to the service robot than their female counterparts. Also, married people 
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reported higher levels of positive human/robot interaction and were more impressed by the robot 

than single or never married group. Also, it was shown that the higher educated subjects did not 

find the service robot as exciting as less educated people. The less educated people also showed 

higher interest in using the service robot for sports betting. The higher income groups were found 

to be more likely to prefer to use technology vs human agent. Finally, frequent betters were 

found to trust their own instincts and were more likely to prefer human agent vs technology.  

Key Words: Artificial intelligence, gaming, sports betting, kiosk, service robot 

  



 

 

8 

Definitions 

Anthropomorphism: The attribution of human traits, emotions, or interactions to non-human 

entities. In this study it refers to how humanlike a technology is. 

Cluster analysis: a statistical method that organizes the data into groups or clusters on the basis 

of how closely associated they are. 

Emotional presence: the outward expression of emotion, affect, and feeling by patrons as they 

relate to and interact with a technology. 

Dependent variable: a variable (often denoted by y) whose variation depends on another 

variable. Also known as effect and indigenous. 

Independent variable:  a variable (often denoted by x) whose variation does not depend on 

another variable. Also known as cause and exogenous.  

MANOVA: Multivariate analysis of variance. MANOVA is used to test the statistical 

significance of the effect of one or more independent variable on  a set of two or more dependent 

variables. More precisely, MANOVA test shows the mean differences of two or more dependent 

variable for different levels of one or more independent variables.  

Need for human interaction: the degree to which a patron needs to interact with humans. 

Patron: a casino customer.  

Perceived ease of use: the degree to which a patron believes that using a particular technology 

would be free of effort.   

Perceived intelligence: the degree of intelligence of a technology perceived by the patron. 
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Perceived social interactivity: a psychological sate experienced by patrons during their 

interaction with a technology.  

Perceived social presence: the subjective experience of being present with a “real” person. 

Perceived usefulness: the subjective perception of patrons where they believe that using a 

certain technology can improve their performance.   

Principal component analysis is a dimensionality-reduction method that is often used to reduce 

the dimension of a large dataset by computing principal components that represent the key 

variables in the dataset. 

Use intention: a patron’s desire to use a technology in the future. 

Wow effect: the novelty and impressiveness also known as the wow factor experienced when 

interacting with a technology.   
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Introduction 

Due to COVID-19 pandemic, the global travel and tourism is expected to experience a drop of 

58% to 78% in international tourism (World Tourism Organization, 2020) and loss of 121 

million jobs worldwide (Hu et al., 2020). One of the areas that is hardest hit by the pandemic is 

gaming industry (Prochyte, 2020). From March through May the forced lockdowns of physical 

properties saw traditional casino operators’ revenues crash 85% to 100%, with most of their 

employees furloughed (Nasdaq, 2020). For example, in June 2020, MGM reported a net loss of 

$857m compared to  $43m net income in 2019 (Prockyte, 2020). As of April 2022, hospitality 

industry in the United States and in particular Las Vegas has reached the pre-pandemic levels. 

Las Vegas has surprisingly recovered better than expectations, compared to similar gaming 

destinations such as Macao (Johnson, 2022). The main reason is that while Las Vegas reopened 

the casinos in June of 2021, the Macao still follows a zero COVID-19 policy that seriously limits 

their sources of revenue (Associated Press, 2022). Another side effect of this rapid bounce is 

shortage of staff. More than 80% of hospitality workforce in Las Vegas lost their jobs in the 

early onset of COVID-19. However, despite the reopening of the casinos, and recruiting new 

employees, casinos are facing difficulty filling up the positions (Romero, 2022). Many have left 

to other sectors such as tech (e.g., Amazon) and gaming companies (e.g., Aristocrat) (John 

Lukasik, personal communication, April 10, 2022). Moreover, the work from home has allowed 

people to accept jobs in literally any state. Hence, some of the previous hospitality workforce 

have already started remote positions in California and similar states with higher salaries, while 
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still living in Las Vegas (Oliver Sangalang, personal communication, May 1, 2022). In fact, after 

Hawaii, Nevada is the second of the five states that have experienced higher than pre-pandemic 

unemployment rates with 2.7% increase in unemployment in December of 2021 compared to 

February of 2020 (Agarwal, 2022).  

When the US Supreme Court nullified Professional and Amateur Sports Protection Act (PASPA) 

in May of 2018, state sports betting legislation exploded (Sports Betting Legal, 2021a). As of 

May 2, 2022, 30 states and the District of Columbia have passed legislations making domestic 

sports betting legal (American Gaming Association, 2022), which means sports betting 

operations are available retail and/or online (Graph 1). 4 states (Florida, Maine, Nebraska, and 

Ohio) are currently “legal-not operational that have legalized sports betting but no sports books 

are available in these states. 8 other states (Alaska, California, Georgia, Kansas, Massachusetts, 

Minnesota, Missouri, and Oklahoma) have either pre-filed or introduced bills in the state 

legislature. A total of 40 states has either already passed sports betting legislations or recently 

introduced legalizing sports betting in some form. Of this number, 22 allow online and mobile 

sports betting.  
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Figure 1: Sports betting legislation by state (Source: American Gaming Association, May 2, 

2022) 

 

 

Using this opportunity, casinos are implementing innovative solutions to boost the sports betting 

recovery process. Preliminary interview of gaming experts showed that some casinos are 

evaluating and testing kiosks in sports betting (John Lukasik, personal communication, April 10, 

2022). However, the patron profile of kiosk patrons reveals these are generations Y and Z, 

people who do not wish to stand in line, are in rush and bet small, and only on one team at a time 
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(John Lukasik, personal communication, February 8, 2021). The restrictions of the kiosks, 

shortage of staff post pandemic, and the unpredictability of COVID-19 call for new solutions. 

This study tries to address this issue by comparing patron perceptions on the differences in 

interaction between robots, kiosks, and humans in sports betting activities. This study benefits 

the gaming industry by providing input for a guideline for the expansion of sports betting 

application based on enhanced understanding of the patron attitude towards human/machine 

interfaces to implement in sports betting. Also, it helps casino managers by providing detailed 

feedback from patrons about transactions via each agent (robot, kiosk, and human). Moreover, it 

provides added benefit for sports betting suppliers by better understating the implications of 

robots and AI in sports betting. The proposed study is relevant and timely. The gaming industry 

was among the hardest hit by the COVID-19. Given the prolonged impact of COVID-19 on 

gambling operations, the possibility of recurring similar outbreaks, the shift towards tech 

solutions, and shortage of staff, the outcomes of this study could benefit casino managers exploit 

their resources and prepare for future incidents.  
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Background 

Technology Acceptance Model 

The technology acceptance model (TAM), as proposed by Davis (1989), sought to examine why 

some people accept technology and others reject it. The original model proposed that system 

design features, perceived usefulness, perceived ease of use, and attitude towards using impact 

actual behavior (Davis, 1989). Szajna (1996) proposed further modifications to the initial model 

by conducting a longitudinal study of users’ intentions use email and found that experience had a 

significant impact on future behavioral intentions. A further extension found that two additional 

factors, social influence, and cognitive processes, also had a significant impact on user 

acceptance (Venkatesh & Davis, 2000).  

The TAM model has been extensively used in hospitality to examine a variety of different 

technological advances. Researchers have found TAM to be applicable to acceptance of mobile 

applications (Kwon et al., 2013; Talantis et al, 2020), acceptance of cashless payment systems 

(Ozturk, 2016), the impact of word-of-mouth on online purchases (Assaker, 2020), and social 

media usage as related to hospitality (Dieck et al, 2017; Lin et al., 2020). Recent studies have 

applied the TAM model to robotics and kiosks, including an examination of patron acceptance of 

airlines self-service options (Lee, 2016). For hotels, this model has been found to applicable for 

self-service kiosks (Joe et al., 2020; Kaushik et al., 2015; Kim & Qu, 2014) and service robots 

(Abou-Shouk et al., 2021; Zhong et al., 2020). 
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In terms of gaming research, TAM has been used to examine new technologies related to 

gambling. TAM was used to examine the acceptance of a card-based gambling system in 

Australia, finding that ease of use and perceived usefulness impacted intention to use (Nisbet, 

2006). For online gambling, TAM was found to be applicable, and researchers also found that 

there were distinct psychological differences between motivations for online and offline 

gambling (Scott et al., 2019). To examine the impact of TAM for online sports betting, 

researchers found that in addition to perceived usefulness and perceived ease of use, attitude, 

gambling belief, and subjective norm also significantly impacted intention to bet online (Lee & 

Xia, 2009).  

Robotics in Hospitality 

Different forms of smart technologies, especially robotics and kiosks, have been implemented by 

hospitality practitioners and explored by researchers. Indeed, a 2019 review the literature found 

131 articles related to robotics in hospitality and tourism from 1993 to 2019 (Ivanov et al., 2019). 

Previous studies have focused on robotics in restaurants, airports, hotels, and bars, with most of 

the studies focused on Asia-Pacific (Ivanov et al., 2019). Of particular interest has been 

consumer acceptance of the different types of technology. Another meta-analysis also noted an 

increase in articles related to legal and ethical issues related to these types of technology (Cain et 

al., 2019). Bowen and Morosan (2018) noted that the adoption of robotics would create a 

paradigm shift in hospitality, as many industry experts have predicted that robots and robotic 

technology will lead to a reduction in the hospitality workforce. 
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Numerous studies have focused on robotics. Tung and Au (2018) examined 329 online reviews 

from 4 hotels in New York City that had adopted robotics in their hotels by using the dimensions 

of user experience. This study found that robotics positively enhanced the guest experience by 

adding an element of co-creation to the experience, specifically for families with children, 

however many were frustrated with limitations like problems with voice recognition and 

language barriers (Tung & Au, 2018). Indeed, researchers have found that consumers prefer 

humans to robots even though they may perceive the outcome to be the same (Choi, et al., 2020). 

Hotel managers are also hesitant to adopt robots due to their high cost and perceived skill gap 

(Xu et al., 2020). However, this may vary by market. In Taiwan, researchers found that both 

patrons and hoteliers were receptive to using robots for seasonal employment (Kuo et al., 2017). 

Further research found that consumers have negative perceptions of humanlike robots but have 

more positive attitudes towards non-humanlike robots (Yu, 2020). However, a sentiment analysis 

of online reviews related to robotics found that humanlike robots were more appealing (Luo et 

al., 2021), which indicates that the actual circumstance may be different from a hypothetical one. 

From a critical perspective the research on robotic applications has yet to take fully into account 

the immature nature of consumer-facing robot technology. As robotic applications improve, 

particularly in the areas of humanlike response, consumers are likely to encounter them more 

frequently and thus their perception and acceptance will change. 

However, at the advent of COVID-19 may have changed the perception of robots in the minds of 

hospitality consumers. Post-COVID-19, robots are perceived as helping to increase the 
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cleanliness of hotels while decreasing the risk of infection (Jiang & Wen, 2020). Indeed, robots 

reduce patron’s perceived risk post-COVID-19 (Shin & Kang, 2021). Romero and Lado (2021) 

explored the impact of COVID-19 on the perception of robots for Generation Z consumers. This 

research found that consumers perceived robots to be highly effective in preventing the 

transmission of COVID-19 (Romero & Lado, 2021). These results were echoed by Kim et al. 

(2021) who also found a preference for robots in hotels after COVID-19. A cross-cultural study 

found that Chinese consumers were more likely to visit restaurants and hotels with robots than 

American consumers, but that both were more likely to visit hospitality companies with robots 

post-COVID-19 than pre-COVID-19 (Wan et al., 2020).  

A related technology, kiosks, are more ubiquitous in hospitality and tourism in general (e.g., 

airport kiosks). For hotel self-service kiosks, perceived usefulness, perceived ease of use, 

compatibility, and perceived risks all impact intention to use (Kim & Qu, 2014). In luxury 

settings, many guests avoid using self-service kiosks because they want to be a “technology 

pause” while on vacation and are most likely to use it if they receive discounts (Rosenbaum & 

Wong, 2015). For restaurant customers, researchers have found similar findings. Researchers 

have also found that perceived enjoyment impacts behavioral intentions while social influences 

significantly impact women’s behavioral intentions for kiosks (Joe et al., 2020). For quick 

service restaurant customers, extrinsic motivation and previous experience using kiosks 

significantly improved their intention to use kiosks (Kim et al., 2013). The ubiquitous use of 

kiosk’s in everyday life, from travel to banking, is therefore likely to continue to have  increased 
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adoption and acceptance and therefore intentions over time. customers report having a better 

experience when using kiosks in restaurants, however cashiers generate more revenue mostly 

because consumers spend more time asking cashiers questions during periods of low demand and 

more consumers go to the cashier during busy times (Leung et al., 2021).  

Sports betting and technology 

The sports betting industry has been changed a lot due to digital technology. Over the last 

decade, the sports betting segment has experienced unprecedented change. From deregulation to 

the impact of digital technology innovation, several key factors continue to drive positive 

growth. According to Herring100 mobile gambling now accounts for around one-third of all 

money staked globally. By 2020 it is estimated that digital technology will be responsible for 

more than half of all sports betting online” (How Digital Technology Is Changing the Face Of 

The Sport Betting, 2017). A passion for embracing digital technology has opened up new 

opportunities for traditional UK sportsbook companies like William Hill and Ladbrokes and 

online platform companies like Bet365, 888 Sport, 32Red and Unibet. Their capabilities initially 

focused on web and mobile, but in recent years the advent of big data analytics and artificial 

intelligence is opening up broader business opportunities (Jones & Comfort, 2021). 

Full-service, sports betting kiosks have already been deployed across many gambling 

jurisdictions. This full-service Kiosk is “in the simplest terms, free-standing race and/or 

sportsbooks which were linked to a nonrestricted licensee via dedicated landlines” (Simonsen, 

2013 p.241). It allows the patron to deposit funds, place bets, give receipts, and redeem 
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winnings. Once patron creates a new account, they will be asked to deposit funds through the 

Kiosk. They can wager on any sports offered and sports betting categories such as spread, total 

and money lines. After the transaction has been made, it will print the receipt for patrons to keep 

track of their bets. If patrons want to withdraw some funds from the Kiosk, it will print the check 

with the amount patron chose. The check can be cashed at the designated location (Simonsen, 

2013). 

Regulation of online gambling 

The Internet Gambling Regulation, Consumer Protection, and Enforcement Act of 2009 was 

created to protect the freedom of adults' ability to spend their money, while consumers are 

adequately protected. It regulates to obtain license to take any online gambling, and mandates 

that licensees take reasonable precautions to prevent fraud, money laundering, underage, and 

compulsive gaming. Additionally the Act contains “strong protections to prevent minors from 

gambling online; prevents inappropriate online advertising targeted toward underage or 

compulsive gamblers; clarifies the effect of this act on Indian tribes; requires consultation with 

tribes in implementation; prohibits licensees from accepting bets or wagers from persons on the 

self-excluded list of compulsive gamblers and persons delinquent with child support payments; 

prevents the use of a credit card to gamble online; clarifies an exception for intrastate and 

intratribal online lotteries; prohibits sports betting; requires that players set financial loss limits; 

strengthens regulatory requirements re: integrity and fairness; bans violators of federal and state 

gambling laws from obtaining a license; and requires a substantial U” (Financial Service 
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Committee, 2010). A limit refers to the maximum amount a sportsbook will allow its patrons to 

gamble on a specific game or event. There is no limitation stated by the law, but they limit the 

amount to bet to control the amount of their potential loss. Limits differ dramatically from one 

sport to the next and from one wager type to the next (Donahue, 2021). 

 

Expert opinions 

After a round of interview of eight experts in sports betting and casino management, the 

following themes were highlighted: current state of technology in casinos and hotels, the 

benefits, and challenges of using service robots in casinos, COVID-19 related solutions, and 

finally possible applications of robotics in gaming industry. 

Current state of technology in casinos and hotels 

For current state of technology in casinos and hotel, experts highlighted that some casinos have 

deployed concierge robot (e.g., a robot puppy in the lobby area), which are used as form of 

distraction and attraction. One expert stated the Walker Baccarat and RFID chips that makes 

them identifiable, and trackable to prevent money laundering and theft (Anonymous expert #2). 

Chatbots are also being used, however in certain cases such as Resorts World they have created 

more work than saving time (Anonymous expert #4). Another expert highlighted the state-of-the 

art surveillance system that reads people’s emotions (10 emotions e.g., frustration, anger) 

(Anonymous expert #1). This system is currently under process of legal approval from 

authorities.  
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Benefits of using service robots 

Artificial intelligence enabled robots are capable of communicating in virtually any language.. 

Thirty-five percent of the foreign visitors that visit Las Vegas are not native English speaker 

(Anonymous expert #1). Other than regular maintenance and charging, a robot can work 24/7. 

This is highly important specially for international travelers that are from a different time-zone 

and want to play in Vegas on their circadian rhythm. Moreover, service robots can be beneficial 

for people with social anxiety, shyness or those that prefer less human interaction. Robots are 

cost-saving innovations. For example, the minimum pay for a human dealer is $15 per hour, plus 

tips while robots are generally acquired under a capital investment or on a robot as a service 

model much like other tech applications. However, all of these benefits are true as long as the 

robot works perfectly. In reality, programming a service robot is not easy. Most the hotels and 

casinos that used robot employees at some point have stopped using them altogether, due to lack 

if IT support and limited patron acceptance (Anonymous expert #1, #7, and #8). At certain 

properties, these robots created more work than saving time. One of the experts mentions that 

even a kiosk caused a lot of problems at one of the properties that in the end they had to assign a 

human employee to help the guest how to use the kiosk (Anonymous expert #4).  

Legal challenges 

One segment of the interview questions was dedicated to the legal challenges of using service 

robots in casinos. Union and labor laws and human/machine interaction were the legal challenges 

named by experts. It is not a new topic that service robots could potentially replace human 
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employees. From the labor union standpoint, the transition from human employees to robotic 

staff could receive backlash (Anonymous expert #7 and #8). If union sees this transition a threat 

to human employees’ job security, it could complicate the adoption of service robots 

(Anonymous expert #8). As a result, casino and hotel managers are focusing on the fact that 

service robots are designed to take over repetitive tasks so human employees can focus on high-

functional tasks (Anonymous expert #1, #5, and #8). This is true, since currently service robots 

do not have the intellectual ability to perform highly innovative tasks. Another legal challenge 

casinos are facing is the confidentiality of patron information. Using service robots means 

another source that patron’s personal information could potentially leak or be hacked  

(Anonymous expert #8). 

Another possible legal challenge is the human/machine interaction. The goal is to keep the guests 

and employees safe. But what if a service robot hurts a patron or vice versa? In a place like Las 

Vegas, it is common to see patron vandalizing casino property (Anonymous expert #1). In fact, 

one of the experts mentioned that for a brief period they used a service robots at a property and 

the drunk people kicked the robot, pushed it on the ground, and damaged the robot (Anonymous 

expert #8). This is where sci-fi stories such as Isaac Asimov and “Three laws of robotics” come 

to mind: 1) A robot may not injure a human being or, through inaction, allow a human being to 

come to harm, 2) A robot must obey orders given it by human beings except where such orders 

would conflict with the First Law, and 3) A robot must protect its own existence as long as such 

protection does not conflict with the First or Second Law (Asimov & Robertson, 1976). As of 
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now, there are no law protecting robotic staff. Will we see a future where these laws pass the 

legislation and take place? We do not know, but it is certainly possible.  

 

Other challenges  

The reasons behind slow adoption of high tech in gaming industry were mentioned: failure rate 

(4 hours waiting line at Hilton despite the digital key) , costly, lack of IT component and backup, 

and barrier liability ( e.g., $2B Wynn, and tech companies are garage tech and cannot afford that 

guests damage the robots in hotels when they are drunk). Also, responsible gaming makes it 

difficult to implement robots, since the there is a limit on the online gambles (Anonymous expert 

#5 and #6). Lack of infrastructure is another challenge that casinos are currently facing  

(Anonymous expert #7 and #8). Robots will need charging stations, but where these stations 

should be placed? When casino layout was designed, service robot charging stations were not 

considered. Another challenge could be wi-fi connection. Most of the service robots will need 

high speed internet to function. However, casino Wi-Fi connection can be poor and limited and 

there are certain blackspots with poor signal. Another challenge is mobility. Back to the question 

of casino layout, service robots will need enough space to move around. In reality, casino floor is 

crowded with slot machines and people  (Anonymous expert #3). Also, service robot sensors are 

designed for flat surfaces (Anonymous expert #1). How can casinos use a service robot where 

the casino floor is not flat?  
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Marketing the service robot can be another challenge. How they introduce the robot can play a 

big difference in the patron adoption (Anonymous expert #8). Moreover, how can the marketing 

team introduce the service robots as employees and not “things”? Finally, the failed promises are 

another hazard on the service robot adoption. Vendors often make promises that are not true; 

robot A can clean x square feet, but in reality it only cleans half of it. This is a major challenge, 

as these robotic companies are promoting their product and as with any product the expectations 

vs reality can be different. Given the time and infrastructure needed to pilot test the service robot, 

many casinos are hesitant about testing the robot let alone using them as a regular employee. 

COVID-19 related solutions 

An extensive part of the interviews was dedicated to the impact of COVID-19 on gaming 

industry. It was noted that COVID-19 has changed how we see human interaction. Experts 

mentioned the shift towards contactless solutions. One expert mentioned the use of fiberglass 

partitions in casinos to create a pseudo-security (Anonymous expert #2). Also, it was mentioned 

by 3 experts that after the reopening of the casinos, patrons preferred slot machines because of 

lack of one-on-one interaction (Anonymous expert #1, #2, and #3). At the time of the interviews, 

it was mentioned that dealers that wear a mask have been found unpleasant and potentially a 

robot could be more acceptable (Anonymous expert #2). One of the reasons that patrons prefer a 

human dealer is the facial cues, which makes them more confident in their bet. However, 

wearing a mask prevents the patron from seeing the dealer’s face and hence could affect their 

trust. One of the main challenges of the properties was high end patrons who do not like to be 
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told what to do e.g., wear a mask (Anonymous expert #2). All experts agreed that cleaning and 

disinfecting have become a regular part of casino operations. It has become a demand of the 

patrons to show that cleaning measures are being take place  (Anonymous expert #1). 

Disinfectable surfaces and materials (stainless steel vs wood), and self-disinfectable items are 

now more widely used (Anonymous expert #8). Also, some properties used UV racks to disinfect 

the chips (Anonymous expert #2 and #8).  

Possible applications of service robots in gaming 

Interviewing eight experts revealed multiple possible application of service robots in gaming: 

ambassador/marketing tool that helps patrons set up the mobile app/use kiosk (Anonymous 

expert #4), use of robots for in-play (live wagering) (Anonymous expert #5 and #6), use of Kiosk 

and robot for checking the loyalty points, promos, basically anything that could prevent them 

from going to the reward center (Anonymous expert #1, #3 and #4), obtaining demographics data 

through robot/kiosk (e.g. their gambling history, previous visits, average money spent on 

property) (Anonymous expert #8), dealer robot (e.g. Blackjack, Baccarat), and stadium gaming 

(LT gaming) that people watch a live dealer, and live wagering (e.g. robot approaches those 

sitting at the bar to place a bet on a live game) (Anonymous expert #2). However, in regard to 

sports betting specifically experts had mixed opinion. While some thought service robots in 

sports betting could be beneficial, others believed that the very nature of the sports book and the 

availability of mobile betting apps makes service robots redundant. Nevertheless, two experts 

from a well-known betting platform found the idea of using service robots for live wager 
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interesting and worthwhile (Anonymous expert #5 and #6). Customer satisfaction was the named 

as the main reason casinos would consider adopting service robots. (Anonymous expert #8). 

Moreover, it was mentioned that at this point casinos are interested in service robots take over 

the mundane tasks so employees can focus on more meaningful tasks (Anonymous expert #8). 

Financial benefits such as cost reduction and improved return on investment and return on assets 

were the other factors mentioned by experts (Anonymous expert #1, #6 and #7).  

One particular casino in Las Vegas in currently testing an Artificial Intelligence initiative. This 

initiative includes initial planning, followed by creating solutions, a pilot test, and finally a long-

term contract with vendors. At the time of the interview, the team had already tested a front desk 

robot. The test results were not satisfactory; the robot was puzzled due to the crowd and loud 

noises, which impaired its voice recognition. Despite this, all the experts mentioned that at this 

point casinos are not ready to embrace service robots. The adoption takes certain operational and 

infrastructure support to successfully implement service robots. At this point, service robots are 

being used for delivery of small items, warehouse (linen and trash), and cleaning (Anonymous 

expert #8).  

 

Methodology 

Initially, eight casino and gaming experts were interviewed to gain an understanding of the 

subject and their input. NVivo was used, which is one of the most well-known qualitative 

analysis tools. The main findings of these interviews are shown in the expert opinions section as 
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a supportive background for this study. Next, a survey was used to collect and test the patron 

preference and intention to use robot, kiosk, and human agent for sports betting. Two surveys 

were collected; one survey for robot (n=446) and one for kiosk (n=391) were collected. 

Respondents were screened for age (21 and older) and had placed a wager on sports at least once 

in the past 12 months. IRB approvals were secured, and respondents agreed to the form of 

informed consent. Respondents in the robot survey were shown a picture of Pepper robot and 

those that participated in the kiosk survey were shown a picture of LG Kiosk. Confirmatory 

Factor Analysis (CFA), Structural Equation Modeling (SEM) were performed on both datasets. 

Later, given the focus on this study on use of service robots in sports betting, subsequent cluster 

analysis, Principal Component Analysis (PCA), linear regression, logistic regression and 

MANOVA was performed on the robot survey data. Data analysis was done in SPSS, AMOS, 

and JMP SAS. Figure 2 displays the research model tested in SEM analysis. 
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Figure 2: SEM research model  

 

Subjects 

Participants were enrolled through MTurk, targeting those who are 21 years and above. This 

allows to better generalizability of the study findings and a comparison between different age 

groups. The reason behind choosing both males and females is that the number of studies on the 

application of sports betting among female population is very limited. Participants agreed to the 

informed consent and completed a short screening test, about their age (21 years and above), and 
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whether they had placed at least one sports betting transaction in the past year. Next, those 

approved were . 1000 data were collected, however given the incomplete responses and outliers, 

the final sample size was 464 for robot and 484 for the kiosk survey. 

Design 

The study compares using robot, kiosk, and human agent for sport betting transactions. In the 

robot study, participants were shown a picture of Pepper robot by Softbank Robotics, and in the 

kiosk study a picture of an LG kiosk, both of which have been widely used in hospitality industry 

(Figure 3 and 4). Follow up questions including which agent was best received by patron, and a 

detailed analysis of their intention to use the robot or kiosk in the future was conducted. 

Questions pertain to following areas: utilitarian, human/ robot interaction, psychological factors, 

and control variables. All of these questions were 7-point Likert scale.  Finally, 7 questions 

regarding demographic and socioeconomic background (age, gender, education, marital status, 

employment, income level, and betting frequency) were asked to control for these variables (for 

external validity test purposes).   
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Figure 3: Picture of robot Pepper 

 

 
 

Figure 4: Picture of kiosk 
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Results 

Data preparation 

Data were checked for incomplete answers, missing data, and outliers. After removing the 

observations with missing data or outliers (e.g., a respondent that answered “strongly likely” or 

“strongly unlikely” or “neutral” to majority of the questions), a total of n=446 for robot survey 

and n=391 for kiosk survey were remained. 

Data analysis  

The following data analyses were performed: 

1. Demographics 
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2. SEM 

3. Cluster (2 clusters high/low and 3 clusters high/medium/low) 

4. PCA (3 components) 

5. Logistic regression for clusters using demographics 

6. Regression on use intention  

7. Regression on ease of use  

8. Profile factors MANOVA test of all the SEM variables 

 

Demographics 

In the first step, demographic data was analyzed. It can be seen that the majority of the 

respondents are male (65.92%) between 26 to 35 (37.22%), and 36 to 45 (25.34%) have 

bachelor’s degree (69.25%) and are employed (77.58%). Almost 60% of the sample made $50k 

to $100k a year and 41.93% stated that they had placed 2 sports bet in the last 12 months. The 

demographic profile of the frequent better reveals that they are mostly male (70.87%), between 

25 to 25 years old (34.95%), hold a bachelor’s degree (67%), are married (70.84%), employed 

(87.38%), and make $50k to $100K a year (53.40%). This is similar to the typical sports betting 

clientele profile, confirming that the sample is appropriate to gauge the intention to use service 

robots in sports betting. The annual income of $50 to $100k is in accordance with the relatively 

younger professional with less working experience that are in the early stages of their career. 
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This group are a great target for casinos; bright prospects with higher disposable income as they 

get older. 
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Table 1: Descriptive analysis 

Attribute  Whole sample Frequent gambler 

  Frequency Percentage Frequency Percentage 

Age      

21 to 25 98 21.97 23 22.33 

26 to 35 166 37.22 36 34.95 

36 to 45 113 25.34 24 23.30 

46 to 55 41 9.19 12 11.65 

56 and above 28 6.28 8 7.77 

Gender      

Male 294 65.92 73 70.87 

Female 152 34.08 30 29.13 

Education      

High school or lower 32 7.18 0 0 

Some college 16 3.59 5 4.85 

Associate degree 12 2.69 7 6.80 

Bachelor's degree 309 69.28 69 66.99 

Master's degree or higher 77 17.26 22 21.36 

Marital status     

Single, never married 93 20.85 28 27.18 

Divorced 6 1.35 2 1.94 

Married 347 77.80 73 70.87 

Employment      

Unemployed 13 2.91 1 0.971 

Student 15 3.36 4 3.88 

Self-employed 68 15.25 7 6.80 

Employed 346 77.58 90 87.38 

Retired 4 0.80 1 0.97 

Income      

Under $50k 161 36.01 39 37.86 

$50k - $100k 267 59.87 55 53.40 

$100k-$150k 15 3.36 7 6.80 

Over $150k 3 0.67 2 1.94 

Betting frequency      

Once 77 17.27 0 0 

Twice 187 41.93 0 0 

Three times 79 17.71 0 0 

Four times or more 103 23.09 103 100 
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SEM test results: Robot survey 

The data was analyzed using confirmatory factor analysis (CFA), followed by structural equation 

modeling (SEM). Following the procedure advised by (Hair et al., 2010; Hu & Bentler, 1995), 

different indices were used to test the model fit; normed chi-square (χ2/df), critical function 

index (CFI) and root mean square error of approximation (RMSEA). The Guidelines suggest that 

a better fit is indicated by a normed chi- square < 5, CFI close to 0.95, and RMSEA < 0.08 (Hair 

et al., 2010).  

Confirmatory Factor Analysis (CFA) was conducted to examine the constructs' reliability and 

convergent and discriminant validity. Table 3 demonstrates the factor loadings of CFA model for 

each scale item. All standardized loadings were significant with no estimation problems. 

Additionally, the presence of multicollinearity was checked as it can affect the accuracy of study 

results. Multiple regression was used to assess it and none of the VIFs were higher than 5. 

The initial CFA resulted in satisfactory fit indices (normed χ2 = 3.28; CFI = 0.95; RMSEA = 

0.066). However, modification indices hinted at high correlation between 2 pairs of items in 

Anthropomorphism “machinelike/humanlike” and “artificial/lifelike” as well as the items 

“machinelike/humanlike” and “unconscious/conscious”. They were deemed justifiable at face 

value because the pairs measured similar aspects of human/machine likeness of a service robot. 

After the modifications, the second model showed an improved fit measures (normed χ2 = 2.52; 
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CFI = 0.925; RMSEA = 0.056). The modification indices suggested no further significant 

improvement of the model fit indices.  

The model's validity (convergent and discriminant) was examined using established guidelines 

(Fornell & Larcker, 1981; Hair et al., 2010). As can be seen in Table 4, all constructs illustrate 

high composite reliability coefficients and convergent validity properties. The average variance 

extracted (AVE) was above the suggested threshold of 0.50, except for two constructs (Perceived 

social interactivity and need for human interaction). However, given that the composite 

reliability of these constructs is higher than 0.7 (0.746 and 0.701 for Perceived social 

interactivity and need for human interaction, respectively), one can conclude that the convergent 

validity of the construct is still adequate (Fornell & Larckerm 1981). Two of the AVE estimates 

(main diagonal in Table 4) slightly exceeded the correlations between pairs of constructs. So, a 

confirmatory factor analysis was conducted by treating these constructs as one construct to 

assess the discriminant validity statistically. The unity model exhibited poor fit indices (normed 

χ2 = 5.82; CFI = 0.87; RMSEA = 0.092), exceeding the suggested thresholds and thus providing 

some support for the discriminant validity. The findings also indicated that all path coefficients 

and correlations are significant at the level .05 probability level in the hypothesized direction 

(Malhotra, 1999; Smith & Barclay, 1997), showing strong support for nomological validity. 

Both wow effect and ease of use significantly determined the intention to use service robots in 

sports betting setting. The standardized coefficients show that wow effect plays a slightly bigger 
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role in influencing the participants’ intention to use service robot (0.569), compared to ease of 

use (0.568). This finding highlights the importance of novelty and initial impact of technology on 

user’s subsequent intention to use the technology. Also, it shows that when a technology is easier 

to use, people are more willing to use it. Interestingly, the human/robot interaction variables 

(anthropomorphism, perceived intelligence, and perceived social interactivity) significantly 

influenced the participants perceived ease of use. In particular, anthropomorphism was found to 

negatively impact the perceived ease of use (-0.182), which shows the more humanlike robots 

makes users believe it must be harder to use. Perceived intelligence and perceived social 

interactivity of the robot were found to positively influence the perceived ease of use. Among 

them, perceived social interactivity was the main driver of ease of use (0.552). This means that 

when a robot is more socially interactive, users tend to find it easier to use than a robot that is 

less interactive. This is very important, as it stresses the importance of voice recognition, and 

conversation features in a service robot. In other words, people wish to see a socially interactive 

robot that talks, responds to their questions, and is easier to interact with in order to use it at a 

casino. Wow effect was the second most influential factor on perceived ease of use. Finally, 

psychological factors influenced trust (0.405) and ease of use (0.116) positively influenced the 

ease of use. Hence, attributes such as friendly/unfriendly, kind/cruel, likable/unlikable not only 

impact the users’ trust in technology, but also influence the perceived ease of use. These findings 

are particularly important when designing or procuring a service robot. Overall, wow effect and 

ease of use were found to play a big role in acceptance of service robots in casinos.  
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Table 2: SEM paths without controls 

Path Standardized regression weight p-value 

Psychological factors-> trust 0.405 <.001 

Anthropomorphism -> ease of use -0.182 .001 

Perceived intelligence -> ease of use 0.165 .002 

Wow effect -> ease of use  0.379 <.001 

Psychological factors -> ease of use 0.116 .008 

Perceived social interactivity -> ease of use 0.552 <.001 

Wow effect -> intention to use 0.569 .003 

Ease of use -> Intention to use 0.568 <.001 

 

 

When control variables (tech vs human and need for human interaction) were added to the 

model, the path from anthropomorphism and perceived social interactivity to ease of use was not 

significant anymore. This shows that the users’ perception towards robots and their preference in 

using human vs technology influences how they perceive service robots. More specifically, when 

users prefer to use human agent vs a robot and show higher levels of need for  human interaction 

the human likeness or perceived social interactivity of the service robot does not influence their 

perception of how easy to use the robot is. Also, the effect of psychological factors on trust was 

diminished (.344), whereas the effect of psychological factors on ease of use was slightly 

fortified (.171). This highlights that when users prefer to interact with human agent vs robot 

psychological factors become more pronounced in determining the perceived ease of use the 

robot. Also, upon introduction of the control variables the impact of perceived intelligence on 

ease of use was slightly amplified (.193), while the impact of wow on ease of use was slightly 

decreased (.353). Finally, the impact of ease of use on intention to use (.804), and the impact of 
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wow on use intention was also increased (.609). This outcome shows that when the user prefers 

to use a human agent vs a robot and their overall need to interact with a human is higher, ease of 

use of technology and wow effect play a bigger role in their intention to use the service robot. In 

other words, for those who prefer human interaction over technology, ease of use of technology 

becomes even more important. Overall, the findings suggest that robot programmers and casino 

managers should pay special attention to this group’s needs by providing an eye-catching and 

thrilling, yet easy to use service robot.  
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Table 3: Constructs and item loadings (robot survey) 

Construct Factor 

loading 

Source  

Perceived usefulness   Heerink et al. (2010) 

• I think the robot is useful to me 

• It would be convenient for me to have 

the robot 

• I think the robot can help me with many 

things 

.724 

.731 

.742 

 

Perceived ease of use   Heerink et al. (2010) 

• I think I will know quickly how to use 

the robot 

• I find the robot easy to use 

• I think I can use the robot without any 

help 

• I think I can use the robot when there is 

someone around to help me 

• I think I can use the robot when I have a 

good manual 

.734 

.752 

.669 

.726 

 

Anthropomorphism   Bartneck et al. (2009) 

• Fake/natural 

• Machinelike/humanlike 

• Unconscious/conscious 

• Artificial/lifelike 

• Moving rigidly/Moving elegantly 

.746 

.718 

.841 

.877 

.836 

 

Perceived intelligence    (Almere model) 

• Incompetent –>Competent  

• Ignorant –>Knowledgeable  

• Irresponsible –>Responsible 

• Unintelligent –>Intelligent  

• Foolish –>Sensible 

.740 

.843 

.761 

.687 

.651 

 

Perceived social interactivity 

• I consider robot a pleasant 

conversational partner. 

• I find the robot pleasant to interact with. 

• I feel the robot understands me. 

.693 

.656 

.690 

(Almere model) 

Perceived social presence .862 

.799 

Gefen and Straub (2003) 
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• There is a sense of human contact with 

this robot. 

• There is a sense of sociability with this 

robot. 

• There is a sense of human warmth with 

this robot. 

.841 

Trust 

• I would use the services robot gives me. 

• The service robot seems trustworthy. 

• The service robot is one that keeps 

promises and commitments. 

• I trust the service robot because it would 

keep my best interest in mind. 

 

.871 

.835 

.850 

.836 

Jaravenpaa et al (2000) 

Koufaris and Hampton-

sosa (2002) 

Need for human interaction  Taufik and Hanafiah 

(2019) 

 

• Personalize attention by the service 

employee is important to me 

• Having human contact in providing 

services makes the process enjoyable for the 

patron 

• My sports betting experience will be 

much better with the help from a real person. 

 

.611 

.639 

.742 

 

Use intention  Moon & Kim (2001) 

• I will use sports betting robot on a 

regular basis in the future – change it is not 

regularly 

• I will frequently use sports betting robot 

in the future 

• I will strongly recommend others to use 

sports betting robot 

.797 

.768 

.759 

 

Tech vs human  (Kattara & El-Said, 

2013) 

• I don’t prefer to use a machine in 

different sports betting transactions when I could 

deal with a person instead 

.716 

.726 

.767 
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• When I make a complaint I prefer to 

communicate it directly with authorized persons 

rather than using technological device 

• Sometimes I don’t use technologies 

because I don’t know how to use and operate 

 

Wow effect 

• Seeing this robot amazed me. 

• When I saw this robot, I often thought 

“wow”! 

• This robot has thrilled me from the very 

beginning.  

.786 

.813 

.824 

Feng and Xie (2019) 

Emotional presence 

 

• I had the feeling that someone was 

emotionally with me in the room.  

• I was under the impression that someone 

else was emotional present while I was 

performing the task. 

• I felt emotional alone in the task. 

.834 

.848 

.821 

Abeele Roe and 

Pandelaere (2007)  

Psychological factors 

• Kind/cruel 

• Friendly/unfriendly 

• Likeable/unlikable 

.604 

.718 

.800 

Interpersonal attractions 

were obtained by using 

the Ickes et al., (1982) 

instrument  
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Table 4 Reliability and validity results (robot survey) 

Model 
Me

an 

St. 

D

v. 

CR 

Perceiv

ed 

usefuln

ess 

Percei

ved 

ease of 

use 

Anthropomorp

hism 

Perceive

d 

intellige

nce 

Perceive

d social 

interacti

vity 

Percei

ved 

social 

presen

ce 

Tru

st 

Need 

for 

human 

interact

ion 

Use 

intenti

on 

Tech 

vs 

hum

an 

Wo

w 

effe

ct 

Emotio

nal 

presenc

e 

Psycholog

ical 

factors 

Perceived 

usefulness  
5.48 

0.1
3 

0.7

76 
0.536             

Perceived ease 

of use  
5.67 

0.0
6 

0.7

18 
0.919 0.520            

Anthropomorp

hism 
5.87 

0.1
8 

0.9

04 
0.177 0.348 0.649           

Perceived 

intelligence 
5.34 

0.1
9 

0.8

29 
0.507 0.611 0.36 0.547          

Perceived 

social 

interactivity 

5.89 
0.0
4 

0.7

46 
0.9 0.714 0.398 0.523 0.462         

Perceived 

social 

presence 

5.56 
0.1
0 

0.8

68 
0.502 0.661 0.728 0.506 0.691 0.696        



 

 

46 

Trust 5.98 
0.0

6 
0.9

11 
0.201 0.357 0.228 0.158 0.285 0.364 

0.7

19 
      

Need for 

human 

interaction 

5.54 
0.1

2 
0.7

01 
0.547 0.797 0.225 0.49 0.66 0.545 

0.3

14 
0.444     

 

Use intention 4.89 
1.3

0 
0.8

12 
0.708 0.852 0.670 0.558 0.668 0.29 

0.2

9 
0.741 0.600    

 

Tech vs 

human 
4.87 

0.1

1 
0.7

65 
0.805 0.674 0.486 0.515 0.623 0.741 

0.4

66 
0.793 0.821 

0.54

3 
  

 

Wow effect  5.20 
0.5
0 

0.8

4 
0.647 0.742 0.645 0.524 0.675 0.82 

0.2

87 
0.637 0.932 

0.71

4 

0.6

53 
 

 

Emotional 

presence 
5.67 

0.1

3 
0.7

34 
-0.543 -0.715 -0.732 -0.471 -0.668 -0.923 

-

0.3

64 

-0.632 -0.899 

-

0.82

3 

-

0.9

18 

0.696 

 

Psychological 

factors 
1.98 

0.0

5 
0.7

75 
0.041   0.212 -0.37 0.126 0.27 

0.4

8 
0.209 0.14 

0.39

8 

0.1

47 
0.276 0.507 
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48 

 

SEM test results: Kiosk survey 

To test the kiosk survey data a confirmatory factor analysis (CFA) was conducted followed by 

structural equation modeling (SEM). Confirmatory Factor Analysis (CFA) was conducted to 

examine the constructs' reliability and convergent and discriminant validity. Table 7 

demonstrates the factor loadings of CFA model for each scale item. All standardized loadings 

were significant with no estimation problems. Also, multiple regression was conducted to test the 

multicollinearity and none of the VIFs were higher than 5. 

The initial CFA resulted in satisfactory fit indices (normed χ2 = 2.30; CFI = 0.891; RMSEA = 

0.058). However, some of the item factor loadings were lower than 0.6 and were removed from 

the model. Specifically, items 3 and 4 of ease of use “I think I can use the robot without any 

help” and “I think I can use the robot when there is someone around to help me”, item 2 of 

anthropomorphism “Fake/natural”, item 2 of psychological factors “Friendly/unfriendly” and 

item 2 of need for human interaction “Personalize attention by the service employee is important 

to me”. After removing the low factor loading items, the second model showed an improved fit 
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measures (normed χ2 = 2.50; CFI = 0.900; RMSEA = 0.062). The modification indices 

suggested no further significant improvement of the model fit indices.  

The model's validity (convergent and discriminant) was examined using established guidelines 

(Fornell & Larcker, 1981; Hair et al., 2010). As can be seen in Table 4, all constructs illustrate 

high composite reliability coefficients and convergent validity properties. The average variance 

extracted (AVE) was above the suggested threshold of 0.50, except for three constructs 

(perceived usefulness, Tech vs human, and psychological factors). However, given that the 

composite reliability of these constructs is higher than 0.7 (0.735, 0.734 and 0.724 for Perceived 

usefulness, Tech vs human, and psychological factors, respectively), one can conclude that the 

convergent validity of the construct is still adequate (Fornell & Larckerm 1981). Two of the 

AVE estimates slightly exceeded the correlations between pairs of constructs. So, a confirmatory 

factor analysis was conducted by treating these constructs as one construct to assess the 

discriminant validity statistically. The unity model exhibited poor fit indices (normed χ2 = 5.63; 

CFI = 0.786; RMSEA = 0.085), exceeding the suggested thresholds and thus providing some 

support for the discriminant validity. The findings also indicated that all path coefficients and 

correlations are significant at the level .05 probability level in the hypothesized direction 

(Malhotra, 1999; Smith & Barclay, 1997), showing strong support for nomological validity. 
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The findings show that similar to the robot study, ease of use is the most determining factor in 

intention to use a kiosk in a sports betting setting (0.460). This finding shows the importance of 

user-friendly and easy to use technology in casinos. People want to see an easy-to-use 

technology rather than a complicated one. Unlike the robot study, in the kiosk study usefulness 

of the kiosk is the second most determining factor of user’s intention to use the service robot and 

wow effect is the third influential factor on intention to use service robots (0.370). This finding 

shows that while in the robot study ease of use and wow effect were the most influential factors 

of intention to use the robot, in kiosk study users’ intention to use the kiosk was mostly 

determined by ease of use and usefulness, and to a lesser degree by the wow effect. This finding 

highlights that ease of use plays the most important role in determining users’ intention to use a 

new technology, regardless of its type, at casinos. This finding highlights the importance of 

usefulness for kiosk users. More precisely, people need to see some added benefit by using the 

kiosk, whereas they would still use a robot in casino due to the excitement of using a new 

technology. Unlike the robot study where the psychological factors positively influenced the ease 

of use of service robot, in the kiosk study the psychological factors negatively influenced the 

perceived ease of use of the kiosk. This shows that the psychological attributes play a positive 

role on users’ intention to use a service robot. Finally, psychological factors positively 
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influenced the trust in kiosk (0.451). This finding echoes the robot study finding where 

psychological factors positively influenced the users’ trust in service robot.  

 

Table 5: SEM paths without controls  

Path Standardized regression weight p-value 

Psychological factors -> Trust 0.451 <.001 

Psychological factors -> ease of use -0.416 <.001 

Ease of use -> use intention 0.460 <.0001 

Wow effect-> use intention 

 

0.370 0.015 

Usefulness-> use intention 

 

0.457 <.001 

 

After introducing the control variables (technology vs human and need for human interaction) 

the path from wow effect to use intention was not significant anymore. Instead, the impact of 

wow effect to trust became significant. This shows that for those users that prefer human over 

technology, novelty of the kiosk will not influence the patron’s intention to use the kiosk. This is 

in contrast with the robot study findings, where introducing the same control variables 

strengthened the path from wow effect to intention to use the service robot. This fining shows 

that novelty and thrilling excitement of interacting with a robot still plays a role in the users 

intention to use among technology skeptical people. This could be due to the fact that service 
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robots are overall considered more thrilling and exciting to interact with than a kiosk. The effect 

of the other factors become slightly less pronounced, except for the impact of usefulness on use 

intention that was slightly reinforced. This finding supports that for those who prefer to interact 

with human employees vs kiosk, the usefulness of the kiosk becomes an important factor in 

determining using the kiosk. In other words, those who are hesitant towards technology and 

prefer to interact with a human, place a higher importance on the added value from using a kiosk 

in order to use it.  

 

Table 6: SEM paths with controls  

Path Standardized regression weight p-value 

Psychological factors -> Trust 0.438 <.001 

Psychological factors -> ease of use -0.307 <.001 

Ease of use -> use intention 0.444 <.0001 

Usefulness-> use intention 0.540 <.001 

Wow effect -> trust -0.314 .046 

 

Table 7: Constructs and item loadings (kiosk survey) 

Construct Factor 

loading 

Source  

Perceived usefulness   Heerink et al. (2010) 

• I think the robot is useful to me .681 

.681 
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• It would be convenient for me to have 

the robot 

• I think the robot can help me with many 

things 

.723 

Perceived ease of use   Heerink et al. (2010) 

• I think I will know quickly how to use 

the robot 

• I find the robot easy to use 

• I think I can use the robot when I have a 

good manual 

.762 

.684 

.684 

 

Anthropomorphism   Bartneck et al. (2009) 

• Machinelike/humanlike 

• Unconscious/conscious 

• Artificial/lifelike 

• Moving rigidly/Moving elegantly 

.814 

.808 

.886 

.769 

 

Trust 

• I would use the services robot gives me. 

• The service robot seems trustworthy. 

• The service robot is one that keeps 

promises and commitments. 

• I trust the service robot because it would 

keep my best interest in mind. 

 

.798 

.831 

.845 

.854 

Jaravenpaa et al (2000) 

Koufaris and Hampton-

sosa (2002) 

 

Need for human interaction 
 

Taufik and Hanafiah 

(2019) 

 

• I like interacting with a real person that 

provides the service 

• Having human contact in providing 

services makes the process enjoyable for the 

patron 

• My sports betting kiosk experience will 

be much better with the help from a real person. 

.662 

.730 

.792 
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My sports betting robot experience will be much 

better with the help from a real person. 

Use intention  Moon & Kim (2001) 

• I will use sports betting robot on a 

regular basis in the future – change it is not 

regularly 

• I will frequently use sports betting robot 

in the future 

• I will strongly recommend others to use 

sports betting robot 

.751 

.725 

.667 

 

Tech vs human 
 

(Kattara & El-Said, 

2013) 

• I don’t prefer to use a machine in 

different sports betting transactions when I could 

deal with a person instead 

• When I make a complaint I prefer to 

communicate it directly with authorized persons 

rather than using technological device 

• Sometimes I don’t use technologies 

because I don’t know how to use and operate 

 

.647 

.651 

.751 

 

Wow effect 

• Seeing this robot amazed me. 

• When I saw this robot, I often thought 

“wow”! 

• This robot has thrilled me from the very 

beginning.  

.769 

.825 

.786 

Feng and Xie (2019) 

 

Emotional presence 

 

• I had the feeling that someone was 

emotionally with me in the room.  

• I was under the impression that someone 

else was emotional present while I was 

performing the task. 

.803 

.804 

.858 

Abeele Roe and 

Pandelaere (2007)  
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• I felt emotional alone in the task. 

Psychological factor  

• Kind/cruel 

• Exciting/dull 

• Likeable/unlikable 

.723 

.657 

.672 

Interpersonal attractions 

were obtained by using 

the Ickes et al., (1982) 

instrument  
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Table 8: Reliability and validity results (kiosk survey) 

 

Model Mean St. Dv. CR 
Perceived 

usefulness 

Perceived 

ease of 

use 

Anthropomorphism Trust 

Need for 

human 

interaction 

Use 

intention 

Tech vs 

human 

Wow 

effect 

Emotional 

presence 

Psychological 

factors 

Perceived 

usefulness  
5.56 0.14 0.735 0.483          

Perceived ease of 

use  
5.76 0.08 0.748 0.959 0.505         

Anthropomorphism 5.021 0.28 0.889 0.012 -0.079 0.673        

Trust 4.575 0.04 0.9 -0.248 -0.165 0.024 0.693       

Need for human 

interaction 
5.41 0.05 0.7889 0.64 0.72 0.285 -0.136 0.533      
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Use intention 5.51 0.10 0.758 0.922 0.902 0.164 -0.248 0.798 0.512     

Tech vs human 5.83 0.07 0.734 0.577 0.606 0.22 -0.002 0.657 0.610 0.469    

Wow effect  5.31 0.13 0.835 0.625 0.597 0.542 -0.22 0.756 0.789 0.599 0.63   

Emotional 

presence 
4.29 1.30 0.718 -0.37 -0.405 -0.737 0.048 -0.714 -0.575 -0.608 -0.823 0.676  

Psychological 

factors 
1.74 0.05 0.724 -0.359 -0.285 0.09 0.495 -0.177 -0.326 0.028 -0.18 -0.032 0.469 
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Cluster analysis  

 

 

Next, Hierarchical clustering with Ward method was conducted. In this type of analysis, each 

case of the dataset starts as its own cluster. The clusters are combined on at a time till a m 

clusters are formed. In this analysis, the goal was to divide the dataset into 2 clusters. Say 𝑌 =

{𝑦1, 𝑦2, 𝑦3, … , 𝑦𝑛} are the data points, then: 

1) In the first step, the minimum distance between clusters is identified. Sequence 

number is set to 0. 

2) In the second step, the 2 clusters that have the smallest distance are merged and 

the sequence number is incremented as n=n+1.  

3) The clusters distance matrix is updated 

4) Steps 2 and 3 are repeated until there are only 2 clusters left.  

Two clusters were indicated, cluster 1 were those showed high scores of usefulness, perceived 

intelligence, need for human interaction, tech vs human, perceived social presence, emotional 

presence, and ease of use. While cluster 2 scored low in all of the variables. The constellation 

plot shows that the clusters are clearly divided. After comparing the cluster means (Table 9), 
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cluster 1 that contained low variable mean scores was named “Ordinary user”, and cluster 2 that 

consisted of high mean scores for all the variables was named “Enthusiastic adopter”. 

Subsequently an analysis was performed to check whether the mean scores are different for each 

variable. It can be seen that the mean scores were significant for all the variables except for 

psychological factors.  
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Figure 5: Mean scores based on clusters 

 

 
 

 

Figure 6: Constellation plot 



 

 

61 

 

 

Table 9: Factor means among the two clusters   

Factors Cluster 1 

Ordinary user 

(n=100, 22.42%) 

Cluster 2 

Enthusiastic 

adopter (n=346, 

75.58%) 

Mean F-value 

Perceived 

usefulness 3.81 5.02 4.64 206.46*** 

Anthropomorphism 3.73 5.72 5.16 243.79*** 

Perceived 

intelligence 4.72 5.92 5.53 182.79*** 

Trust 3.00 3.34 3.20 156.76*** 
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Need for human 

interaction 4.75 5.93 5.54 181.44*** 

Use intention 4.24 5.93 5.44 343.82*** 

Tech vs human 4.72 6.41 5.90 164.51*** 

Perceived social 

interaction 3.70 4.98 4.59 174.29*** 

Perceived social 

presence 3.92 5.85 5.30 332.87*** 

Wow effect 3.96 5.94 5.38 502.60*** 

Emotional presence 3.57 4.65 4.32 188.95*** 

psychological 

factors 1.87 1.87 1.83 0.01 

Perceived ease of 

use 4.63 6.18 5.71 241.07*** 

 

Note: *** p-value <0.0001 

 

Relationship between clusters and profile factors 

Comparing the clusters based on the demographic factors (Table 10) shows that cluster 2 are 

relatively younger (87.28% are below 45 years), compared to cluster 1 (75% are below 45 years 

old). Cluster 2 are also more educated with 87.86% of respondents in this cluster held a 

bachelor’s degree or higher, compared to 82% of people in cluster 1. A higher percentage of 

participants in cluster 2 were married (82.37%), compared to cluster 1 (62%). 

Logistic regression was used to determine the cluster membership based on demographic factors. 

Age and marital status played a significant role in determining the cluster. Those that were 21 to 
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25 were more likely to belong to cluster 2, whereas those that were 56 and above and single, 

never married were more likely to belong to cluster 1. While gender, education, employment, 

income, and betting frequency had no effect on determining the clusters. The results of the 

logistic regression corroborate the previous findings.  

 

 

Table 10: Cluster profiles 

  Cluster 1 

Ordinary user 

(n=100, 

22.42%) 

Cluster 2 Enthusiastic 

adopter (n=346, 

75.58%) 

 

Chi-square 

 Percentage Percentage  

Age     

21 to 25 17 23.41 11.03** 

26 to 35 36 37.57  

36 to 45 22 26.3  

46 to 55 12 8.38  

56 and above 13 4.34  

Gender     

Male 61 67.34 1.37 

Female 39 32.66  

Education     

High school or lower 2 8.67 26.25*** 

Some college 8 2.31  

Associate degree 8 1.16  

Bachelor's degree 66 70.23  

Master's degree or higher 16 17.63  

Marital status    

Single, never married 36 16.47 17.18*** 
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Divorced 2 1.16  

Married 62 82.37  

Employment     

Unemployed 6 2.02 18.49*** 

Student 1 4.05  

Self-employed 15 15.32  

Employed 74 78.61  

Retired 4 0  

Income     

Under $50k 30 37.86 2.42 

$50k - $100k 66 58.09  

$100k-$150k 3 3.47  

Over $150k 1 0.58  

Betting frequency     

Once 22 15.9 6.01 

Twice 34 44.22  

Three times 15 18.5  

Four times or more 29 21.39  

 

Note: ** p<0.05, *** p<0.001 
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Principal component analysis with clustering identifications 

In the next step, principal component analysis was done while using cluster colors to 

differentiate the clusters. It can be seen that 3 components had eigenvalues of higher than 1, 

which means that the component contained more information than each variables. When the 

eigenvalue is 1, it means that the component is containing as much information as a single 

variable would. Those with eigenvalue of less than 1 are not efficient. In this case, component 3 

is only slightly higher than 1, so only 2 components were retained for the rest of the analysis. As 

it can be seen in the graph below. Component 1 is the one that all the variables are positive. 

While, in component 2 some variables (psychological factors, trust, tech vs human, 

anthropomorphism, and social presence) were positive, and the rest (wow effect, perceived social 

interactivity, and usefulness were negative).  

Component 1 is high on all the variables, and they are all positive. It also explains more than 

50% of the variation in the data. Formula for component 1 is below: it can be seen that perceived 

intelligence, emotional presence, and need for human interaction are the top three factors.  

𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 1 = −17.04 + 0.3 𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + 0.22 𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑚𝑜𝑟𝑝ℎ𝑖𝑠𝑚 +

0.32 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑖𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒 + 0.12 𝑡𝑟𝑢𝑠𝑡 + 0.3 𝑛𝑒𝑒𝑑 𝑓𝑜𝑟 ℎ𝑢𝑚𝑎𝑛 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 +

0.31 𝑢𝑠𝑒 𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 + 0.22 𝑡𝑒𝑐ℎ 𝑣𝑠 ℎ𝑢𝑚𝑎𝑛 + 0.28 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑜𝑐𝑖𝑎𝑙 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 +
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0.26 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑜𝑐𝑖𝑎𝑙 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + 0.29 𝑤𝑜𝑤 𝑒𝑓𝑓𝑒𝑐𝑡 + 0.29 𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 +

0.16 𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠 + 0.29 𝑒𝑎𝑠𝑒 𝑜𝑓 𝑢𝑠𝑒 (Eq.1) 

However, for component 2 psychological factors are the main factor followed by trust. 

Usefulness is an important factor that has a negative impact on the cluster. This means that 

people that show higher level of trust and associated higher positive psychological factors to the 

robot and give less importance to the usefulness of the technology tend to belong to this cluster. 

𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 2 = −0.009 − 0.327 𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + 0.101 𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑚𝑜𝑟𝑝ℎ𝑖𝑠𝑚

− 0.209 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑖𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒 + 0.469 𝑡𝑟𝑢𝑠𝑡

− 0.106 𝑛𝑒𝑒𝑑 𝑓𝑜𝑟 ℎ𝑢𝑚𝑎𝑛 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 − 0.076 𝑢𝑠𝑒 𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛

+ 0.138 𝑡𝑒𝑐ℎ 𝑣𝑠 ℎ𝑢𝑚𝑎𝑛 − 0.155 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑜𝑐𝑖𝑎𝑙 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦

+ 0.092 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑜𝑐𝑖𝑎𝑙 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 − 0.049 𝑤𝑜𝑤 𝑒𝑓𝑓𝑒𝑐𝑡

− 0.002 𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + 1.05 𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠

− 0.104 𝑒𝑎𝑠𝑒 𝑜𝑓 𝑢𝑠𝑒 (𝐸𝑞. 2)  

Finally, component 3. People that give more importance to the usefulness of the robot and 

display higher need for human interaction and tend to believe that robot shows low emotional 

presence tend to belong to this cluster.  
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𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 3 = −1.520 + 0.442 𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 − 0.244 𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑚𝑜𝑟𝑝ℎ𝑖𝑠𝑚

− 0.016 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑖𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒 + 0.252 𝑡𝑟𝑢𝑠𝑡

+ 0.419 𝑛𝑒𝑒𝑑 𝑓𝑜𝑟 ℎ𝑢𝑚𝑎𝑛 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 − 0.065 𝑢𝑠𝑒 𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛

− 0.002 𝑡𝑒𝑐ℎ 𝑣𝑠 ℎ𝑢𝑚𝑎𝑛 + 0.179 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑜𝑐𝑖𝑎𝑙 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦

− 0.189 𝑝𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑜𝑐𝑖𝑎𝑙 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 − 0.160 𝑤𝑜𝑤 𝑒𝑓𝑓𝑒𝑐𝑡

− 0.635 𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + 0.240 𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠

+ 0.240 𝑒𝑎𝑠𝑒 𝑜𝑓 𝑢𝑠𝑒  (𝐸𝑞. 3) 

 

It can be seen that the clusters are very well divided between the 2 components. Cluster 1 (green) 

tends to be more positive score for component 1, while the second cluster (red) shows negative 

scores for component 1. For component 2, clusters are divided between negative and positive 

scores.  
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Figure 7: Summary Plots 

 
 

 

 

Table 11: Eigenvalues 

Number Eigenvalue Percent Cumulative 

Percent 

Chi-square DF Prob>ChiSq 

1 6.7069 51.591 51.591 3594.14 72.630 <.0001* 

2 1.3864 10.664 62.256 1017.14 71.914 <.0001* 

3 1.0927 8.405 70.661 660.483 61.513 <.0001* 

4 0.6438 4.953 75.614 365.401 51.874 <.0001* 

5 0.5830 4.485 80.098 280.625 42.337 <.0001* 

6 0.5204 4.003 84.101 201.609 33.491 <.0001* 

7 0.4494 3.457 87.558 130.726 25.789 <.0001* 

8 0.3771 2.901 90.459 75.553 19.088 <.0001* 

9 0.3242 2.494 92.953 40.570 13.366 0.0001* 

10 0.2845 2.189 95.141 18.037 8.526 0.0275* 

11 0.2255 1.735 96.876 2.522 4.642 0.7303 

12 0.2123 1.633 98.509 0.902 1.708 0.5614 
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Number Eigenvalue Percent Cumulative 

Percent 

Chi-square DF Prob>ChiSq 

13 0.1938 1.491 100.000 0.000 . . 
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The 3D scatter plot below shows how the clusters are very well divided in the cubic space of 3 

components. It can be seen that the two principal components are well divided in the 3D space, 

indicating an adequate division of data points based on components. This is important, as it 

shows whether the cluster analysis and principal components are appropriate methods to 

consolidate the data. 

 

Figure 8: 3D scatterplot of clusters in 3 component space  
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Figure 9: Principal Components: on Correlations 

 

 
 

Figure 10: Principal Components: on Correlations 
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Regression: what impacts use intention 

A regression analysis was done with the intention to use as dependent variable and other 

variables as predictors (Equation 4). The reason behind this analysis is to see what factors could 

potentially influence the intention to use a service robot in a sports betting setting.  
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𝐼𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑡𝑜 𝑈𝑠𝑒

= ß𝑜 + ß1  𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + ß2𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑚𝑜𝑟𝑝ℎ𝑖𝑠𝑚

+ ß3𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝐼𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒 + ß4𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦

+ ß5𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + ß6𝑇𝑟𝑢𝑠𝑡

+ ß7𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝐻𝑢𝑚𝑎𝑛 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 + ß8𝐸𝑎𝑠𝑒 𝑜𝑓 𝑈𝑠𝑒 + ß9𝑇𝑒𝑐ℎ 𝑉𝑠 𝐻𝑢𝑚𝑎𝑛

+ ß10𝑊𝑜𝑤 𝐸𝑓𝑓𝑒𝑐𝑡 + ß11𝐸𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + ß12𝑃𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠

+       (𝐸𝑞. 4) 

 

Equation 2 shows the confirmed regression model (Equation 5). Regression results showed that 

the main predictor of intention to use of a service robot in sports betting was the wow factor, 

followed by tech vs human, and usefulness (p value<.0001). Perceived social presence and 

perceived intelligence were the next contributors.  

𝐼𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑡𝑜 𝑈𝑠𝑒 (𝑤ℎ𝑜𝑙𝑒 𝑠𝑎𝑚𝑝𝑙𝑒)

= 0.164 𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + 0.154 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝐼𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒

+ 0.161 𝑇𝑒𝑐ℎ 𝑉𝑠 𝐻𝑢𝑚𝑎𝑛 + 0.355 𝑊𝑜𝑤 𝐸𝑓𝑓𝑒𝑐𝑡

+ 0.146 𝑃𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠 +       (𝐸𝑞. 5) 

 

Table 12: Parameter estimates intention to use (whole sample) 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 0.189 0.189 1.00 0.3178 

Usefulness 0.164 0.038 4.32 <0.0001* 

Perceived Intelligence  0.154 0.041 3.76 0.0002* 
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Tech vs human 0.161 0.028 5.67 <0.0001* 

Perceived social presence 0.146 0.034 4.31 <.0001* 

Wow effect 0.355 0.039 9.10 <.0001* 

 

 

Next, a subset of data of frequent better (who bet 4 times or more in the past 12 months) (n=103) 

was selected. The confirmed regression model is reflected in Equation 6. The regression analysis 

showed that for this group wow effect was still the most important factor to determine their 

intention to use robot (p-value<.0001). More precisely a unit increase in wow effect leads to 

0.435 unit increase in intention to use service robot for sports betting. However, psychological 

factors, tech vs human, perceived social interactivity, need for human interaction were the 

significant indicators of use intention for this group. Adjusted R Square of the regression model 

for this group was 60.23%, compared to the regression model based on total dataset that was 

69.88%. The reduction in adjusted R square is normal, given the smaller dataset. The results 

overall show the importance of wow effect of service robots in the patron acceptance regardless 

of their betting frequency (Table 13). Also, compared to the whole sample where perceived 

intelligence and perceived social presence of the service robot played a significant positive role 

on their intention to use the service robot, the social interactivity negatively influenced the 

intention to use service robot in the frequent better sub sample. Both the whole sample and 
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frequent betters’ intention to use the service robot was influenced by their preference in using 

tech vs human preference. Moreover, it highlights that usefulness of the service robot is no 

longer a determining factor of using the service robot among frequent betters. This could be due 

to the fact that this group have a higher self-confidence in their own betting experience and 

instincts. However, this influence was more pronounced for the frequent better group. Finally, 

unlike the whole sample, in the frequent better group psychological factors negatively impacted 

the intention to use the service robot, which again highlights the value the frequent betters place 

on their own capabilities.  

 

𝐼𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑡𝑜 𝑈𝑠𝑒 (𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑡 𝑏𝑒𝑡𝑡𝑒𝑟𝑠)

= 2.291 − 0.161 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦

+ 0.180 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝐻𝑢𝑚𝑎𝑛 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 + 0.207 𝑇𝑒𝑐ℎ 𝑉𝑠 𝐻𝑢𝑚𝑎𝑛

+ 0.435 𝑊𝑜𝑤 𝐸𝑓𝑓𝑒𝑐𝑡 − 0.415 𝑃𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠 +    (𝐸𝑞. 6)  

 

Table 13: Parameter estimates intention to use (frequent betters) 

 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 2.291 0.482 4.75 <.0001* 

Need for human interaction 0.180 0.076 2.37 0.0195* 

Tech vs human 0.207 0.063 3.26 0.0015* 

Perceived social interactivity -0.161 0.065 -2.48 0.0148* 
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Wow effect 0.435 0.067 6.52 <.0001* 

Psychological factors -0.415 0.121 -3.43 0.0009* 

 

 

Regression: what impacts perceived ease of use 

A regression analysis was done with ease of use as dependent variable and other variables as 

predictors (Equation 7). Since complexity of a new technology can be an impediment to user’s 

adoption, detecting the factors that could potentially influence the ease of use of a service robot 

in a sports betting setting can be highly important to the successful adoption (Ivanov et al., 2018; 

Park, 2013; Taylor, 2016).  

𝐸𝑎𝑠𝑒 𝑜𝑓 𝑢𝑠𝑒 = ß𝑜 + ß1  𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + ß2𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑚𝑜𝑟𝑝ℎ𝑖𝑠𝑚 + ß3𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝐼𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒

+ ß4𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 + ß5𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒

+ ß6𝑇𝑟𝑢𝑠𝑡 + ß7𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝐻𝑢𝑚𝑎𝑛 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 + ß8𝑈𝑠𝑒 𝐼𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛

+ +ß9𝑇𝑒𝑐ℎ 𝑉𝑠 𝐻𝑢𝑚𝑎𝑛 + ß10𝑊𝑜𝑤 𝐸𝑓𝑓𝑒𝑐𝑡 + ß11𝐸𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒

+ ß12𝑃𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑓𝑎𝑐𝑡𝑜𝑟𝑠 +       (𝐸𝑞. 7) 

 

Equation 8 shows the confirmed regression model for ease of use. Usefulness was the main 

determinant factor of ease of use (p<.0001) followed by need for human interaction (p<.0001), 

perceived social presence (p<.001), trust (p<.01) and wow effect (p<.01). Precisely, a unit 

change in usefulness leads to 0.46 unit change in ease of use. Whereas a unit change in perceived 
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intelligence leads to 0.24 units change in ease of use. Next, the human/robot interaction variables 

(perceived intelligence and perceived social presence) significantly influenced the perceived ease 

of use of the service robot. Indeed, a unit change in perceived intelligence leads to 0.236 units 

change in perceived ease of use, and a unit change in perceived social presence leads to 0.123 

units change in perceived ease of use. Need for human interaction, wow effect and trust also had 

a positive impact the perceived ease of use. The adjusted R Square was 64.92%, which means 

that the overall model explained for 64.92% of the variations in data. Table below shows the 

significant variables and regression coefficients.  

 

𝐸𝑎𝑠𝑒 𝑜𝑓 𝑢𝑠𝑒 (𝑤ℎ𝑜𝑙𝑒 𝑠𝑎𝑚𝑝𝑙𝑒)

= 0.458 𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + 0.236 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝐼𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒

+ 0.123 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + 0.088 𝑇𝑟𝑢𝑠𝑡

+ 0.175 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝐻𝑢𝑚𝑎𝑛 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 + 0.115 𝑊𝑜𝑤 𝐸𝑓𝑓𝑒𝑐𝑡 +       (𝐸𝑞. 8) 

 

Table 14: Parameter estimates ease of use (whole sample) 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept -0.248 0.226 -1.10 0.2732 

Usefulness 0.458 0.045 10.26 <.0001* 

Perceived intelligence 0.236 0.046 5.19 <.0001* 

Trust 0.088 0.028 3.18 0.0016* 

Need for human interaction 0.175 0.044 3.98 <.0001* 
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Perceived social presence 0.123 0.036 3.39 0.0008* 

Wow effect 0.115 0.043 2.70 0.0072* 

 

The same analysis was repeated for the subset of frequent betters (those who bet 4 times or more 

in the past 12 months) (n=103). Similar to the whole sample analysis usefulness was the main 

determinant factor of ease of use (0.421) and perceived intelligence comes in second place 

(0.386). Also, same as the whole dataset model need for human interaction was the third and 

perceived social presence was the fourth most important determining factor. However, for the 

whole sample trust was the fifth most important factor, while for the subset perceived social 

interactivity was the fifth most important contributing factor. The model that contained all the 

sample explained 64.91% of the variations in data, while the model based on the subset only 

explained 55.03% of the variations. The findings show that betting frequency does not have a big 

impact on the determining factors of the ease of use of the service robot. This finding is highly 

important, as it shows that casino managers and robot developers do not need to focus on 

different attributes to make the robot easier to use for the users; regardless of their betting 

frequency, people perceived ease of use of the service robot is mainly influenced by the 

usefulness, followed by perceived intelligence and their need for human interaction. 
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𝐸𝑎𝑠𝑒 𝑜𝑓 𝑢𝑠𝑒 (𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑡 𝑏𝑒𝑡𝑡𝑒𝑟𝑠)

= 0.421 𝑢𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 + 0.386 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝐼𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒

− 0.233 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 + 0.153 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑆𝑜𝑐𝑖𝑎𝑙 𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒

+ 0.125 𝑇𝑟𝑢𝑠𝑡 + 0.233 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝐻𝑢𝑚𝑎𝑛 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 +       (𝐸𝑞. 9) 
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Table 15: Parameter estimates ease of use (frequent betters) 

 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 0.191 0.526 0.36 0.7176 

Usefulness 0.421 0.099 4.25 <.0001* 

Perceived intelligence 0.386 0.084 4.58 <.0001* 

Trust 0.125 0.061 2.04 0.0442* 

Need for human interaction 0.233 0.076 3.07 0.0028* 

Perceived social interactivity -0.223 0.075 -2.96 0.0039* 

Perceived social presence 0.153 0.061 2.49 0.0144* 

 

 

 

MANOVA on profile factors 

MANOVA tests were conducted on each of the profile factors (age, gender, marital status, 

employment, education, betting frequency and income). All the MANOVA tests were 

significant. This shows that at least two groups have different means. Follow up post hoc tests 

were carried out to find which differences were statistically significant.  

MANOVA on age 

The alpha level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038). The Box’s 

M test showed significant differences in error covariance matrices across groups. Therefore, the 

Tamhane T2 post hoc test was used. It is the most conservative test that is appropriate when error 

variances are not equal across groups. 
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Younger (21 to 25 years old) respondents trust in service robots (3.70) was significantly higher 

than older respondents; 26 to 35 (3.15) and 46 to 55 (2.86) and 56 and above (2.64). Similarly, 

younger respondents (21 to 25 years old) showed higher social interactivity (4.89) when looking 

at the robot compared to those 56 and above (3.74). This group also experienced higher 

emotional presence with the robot (4.67), compared to 46 to 55 years old (4.21). The 21 to 25 

years old group also identified the highest ease of use of service robot (6.06), significantly higher 

than those 56 and above (4.93).  

These results confirms that older people tend to have lees trust in service robot technology, 

perceived service robots less socially interactable, experience lower level of emotional presence 

from  service robots and find it significantly harder to use. These results, especially the part 

about using the technology supports previous findings showing that as people age their 

acceptance of new technology declines (Min et al., 2019; Ozturk et al., 2016; Porter & Donthu, 

2006; Torta et al., 2014). 

 

Figure 11: mean scores for age 
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Box’s M (1039.55, p <.001 ); Overall MANOVA tests of Pillai’s and Wilks’ Lambda (p< 

0.00001); The alpha level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038). 

 

MANOVA on gender 

Test of between subjects showed that trust (male=3.41, female=2.99), perceived social presence 

(male=5.56, female=5.14), and psychological factors (male=1.94, female=1.73) showed 

significant different means for male vs female sample. These findings support that statistically 

female respondents showed lower trust in service robots, experienced lower level of social 

presence and attributed more negative psychological characteristics to the service robot.   

Note: the following psychological attributes were tested: 

• Kind/cruel 
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• Friendly/unfriendly 

• Likeable/unlikable 

 

 

Figure 12: mean scores for gender 

 

Box’s M (395.318, p <.001 ); Overall MANOVA tests of Hotelling’s T (p< 0.01); The alpha 

level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038) 

 

MANOVA on marital status 

MANOVA test on predictors based on marital status showed that anthropomorphism , trust, need 

for human interaction, use intention, tech vs human, perceived social presence, wow effect and 

emotional presence had at least one pair of different means. Scheffe post hoc test revealed that 
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anthropomorphism mean score for single, never married group (4.54) is significantly lower than 

married group (5.49). The results also show that the mean score for trust of the divorced group 

(1.67) was significantly lower than those who were married (3.33) and single, never married 

(3.14). Need for human interaction among married group (5.74) was significantly higher than 

divorced (4.22). 

Use intention, tech vs human, perceived social presence, wow effect and emotional presence for 

the single, never married (5.08, 5.46, 4.89, 5.04, 4.13, respectively) was significantly lower than 

the married people (5.69, 6.20, 5.57, 5.62, 4.84, respectively). Overall, those who were married 

showed higher mean scores in anthropomorphism, trust, need for human interaction, use 

intention, tech vs human, perceived social presence, wow effect and emotional presence 

compared to the other groups.  

 

Figure 13: mean scores for marital status 
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Box’s M (538.300, p <.001 ); Overall MANOVA tests of Pillai’s and Wilks’ Lambda (p< 0.001); 

The alpha level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038) 

 

MANOVA on employment 

Test of between subjects showed that anthropomorphism, use intention, perceived social 

interactivity, perceived social presence, wow effect, emotional presence, and ease of use had 

different means. Scheffe post hoc test showed that anthropomorphism was significantly lower for 

retired group (2.75) and significantly different than the rest of the groups. As for use intention, 

retired (4.17) and unemployed group (4.58) were shown to have the least mean scores and the 

students had the highest mean score (5.911). As for perceived social interactivity the retired 

group (2.33) showed the lowest mean score and students the highest (5.13). Perceived social 
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presence lowest for retired (2.67), highest for students (6.07), wow effect lowest for retired 

(3.677) and unemployed (4.49) and highest for students (5.889), emotional presence lowest for 

retired group (2.58) and highest for student (4.78), and ease of use lowest for retired group (3.90) 

and highest for students (6.40). 

The results confirm that the retired group (all of whom were 56 and above) showed the intention 

to use service robots for sport betting, reported lowest perceived social presence and perceived 

social interactivity. The same group also were the least amazed by the service robot and also 

reported it to be hard to use. However, students who were from 21 to 45 showed the highest level 

of enthusiasm about the robot, found it easy to use, experienced highest levels of perceived 

social presence and perceived social interactivity and also reported the highest intention to use 

the service robot for sports betting in the future. This finding supports the previous analysis on 

age groups, showing older people are more hesitant towards new technology and find it difficult 

to use.   

 

Figure 14: mean scores for employment  
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Box’s M (538.300, p <.001 ); b Overall MANOVA tests of Pillai’s and Wilks’ Lambda (p< 

0.001); c,d,e The mean scores with different letters (c and d) are significantly different from 

another at 0.05 or lower probability level. The alpha level was adjusted using Bonferroni’s 

correction (p-value=.05/13=.0038) 

 

MANOVA on education 

Looking at the between the subject tests, all the dependent variables showed to have significant 

mean difference. Usefulness high school or lower (5.34) with bachelor (4.73) and master or 

higher (4.65). Anthropomorphism high school or lower (6.33) with some college (3.66), 

Bachelor (5.32), and masters and higher (5.13). Perceived intelligence high school or lower 

(6.26) with some college (5.15), Bachelor (5.69), and masters and higher (5.39). Trust high 
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school or lower (4.02) with some college (2.73), associate degree (2.29) and Bachelor (3.23). 

Need for human interaction high school or lower (6.24) with Bachelor (5.67), and masters and 

higher (5.51). Use intention high school or lower (6.34) with some college 4.35), Bachelor 

(5.56), and masters and higher (5.50). Tech vs human high school or lower (6.24) with some 

college (3.67), associate degree (3.78), Bachelor (5.01), and masters and higher (5.06). Also, 

some college (3.67) with bachelor’s (5.01) and master’s or higher (5.06). Perceived social 

interactivity high school or lower (5.21) with some college (3.85), associate degree (4.47), 

Bachelor (4.71), and masters and higher (4.60). Wow effect, high school or lower (6.32) with 

Bachelor (5.52) , and masters and higher (5.44). Emotional presence, high school or lower (4.77) 

with some college (3.21). Psychological factors high school or lower (2.38) with some college 

(1.40), Bachelor (1.87), and masters and higher (1.83). Bachelor (1.87) with some college (1.40). 

Ease of use high school or lower (6.61) with some college (4.75), and masters and higher (5.68). 

Bachelor (5.87) with some college (4.75). 

It can be seen that the less educated groups were more impressed by the service robot used in this 

study; they found the service robot very useful, humanlike, expressed higher trust in the robot, 

and reported highest intention to use the service robot for sports betting. Also, the less educated 

group found the robot more intelligent, socially interactive, easier to use and experienced higher 

levels emotional presence.  



 

 

89 

 

Figure 15: mean scores for education level 

 

Box’s M (798.617, p <.001 ); Overall MANOVA tests of Pillai’s and Wilks’ Lambda (p< 0.001); 

The alpha level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038) 

 

MANOVA on betting frequency  

As the frequency of betting increased, the trust in robot decreased. This shows that those who 

have more sports betting experience tend to trust their own judgment more than those who have 

less experience. More precisely, the mean score of trust for the group that bet four times or more 

(2.91) was significantly lower than those who betted twice (3.43) and only once (3.51) in the past 
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12 months. Similarly, the frequent betters preferred human vs technology, and attributed more 

negative psychological factors to the service robot (0.06).  

It can be seen that frequent betters showed the least trust in the service robot and attributed the 

least positive psychological attributes to the robot. This confirms that this group mostly rely on 

their own instincts. They trust their knowledge of the game; gut feeling and would benefit the 

most from a human patron rather than a service robot. 

 

Figure 16: mean scores for betting frequency 

 

Box’s M (690.075, p <.001 ); Overall MANOVA tests of Pillai’s and Wilks’ Lambda (p< 0.001); 

The alpha level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038) 
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MANOVA on income 

Lowest income group (under $50k) showed the highest preference for using human vs 

technology (6.20). The same group also perceived the service robot high in intelligence (5.83), 

and relatively expressed more positive psychological attributes to the service robot used in this 

study. However, there was no difference on the intention to use the service robot for sports 

betting based on respondent’s income. 

 

Figure 17: mean scores for income 

 

Box’s M (470.356, p <.001 ); Overall MANOVA tests of Pillai’s and Wilks’ Lambda (p= 0.01); 

The alpha level was adjusted using Bonferroni’s correction (p-value=.05/13=.0038). 
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Conclusion 

The goal of this study was to understand what impacts consumers perceptions of robots and 

kiosks for sports betting. Based on the expert interviews, at the time of this study casino 

operators were utilizing a variety of different technologies including chat bots, kiosks, and 

robots. However, robots were being used most often as a concierge or entertainment item rather 

than replacing a service provider. However, due in large part to lack of IT support and 

knowledge, robots are not currently used for more extensive operations. In addition, the existing 

technology (i.e., kiosks) requires a great deal of human intervention to ensure customer 

satisfaction.  

As detailed above, the overall results of the survey support the model for both kiosks and robots. 

The results of the SEM analysis indicate that similar characteristics impact the intention to use 

both robots and kiosks: psychological factors, ease of use, Wow effect, and usefulness. This 

indicates that both types of technology would be beneficial in a sports book. Nevertheless, for 

robots, the perception of ease of use is impacted by a more complex set of factors. The current 

study found that anthropomorphism had a significant impact on ease of use in the negative 

direction. This result supports the uncanny valley theory which states that when a robot begins to 

look almost identical to a person, people become uncomfortable (Hsu, 2012). 
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Therefore, for casinos that look to implement a robot, the choice of the robot’s appearance can 

significantly impact how easy a consumer perceives it to be. Perceived social intelligence and 

Wow effect were shown to have the highest coefficients. If casinos are interested in utilizing 

robots, then they should try to maximize these traits in the service robots. Part of the impact of 

the COVID-19 pandemic was social isolation and an increased desire for social interaction 

(Chokshi & O’Connor, 2021). The results of this study indicate that if a consumer perceives a 

robot is having a high ability to interact, the consumer will perceive it as easier to use which in 

turn has a significant impact on their use intention. Another unique factor that impacted ease of 

use was the perceived intelligence of the robot; a higher perception of perceived intelligence had 

a significant impact on the ease of use. For casino operators, this means that they need to share 

the robot’s abilities and intelligence with patrons to increase their perceived ease of use. Finally, 

while psychological factors impacted ease of use for both robots and kiosks, there were in 

opposite directions. For both kiosks and robots, the scales included kind/cruel and 

likable/unlikable, while the scale for the robot included friendly/unfriendly and the scale for the 

kiosk included exciting/dull. This indicates that likability and kindness are important for both 

types of technologies and will have an impact on consumers across the board.  

However, there is a great deal of variability based on demographic factors. The results of the 

MANOVA analysis found that trust in service decreased steadily with the age of the respondent 
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as did social interaction. Younger participants were also more likely to feel that a robot had an 

emotional presence. For casino operators, service operators at the sports book may be a way to 

increase engagement with a younger demographic. Recent research has found that 55% of sports 

fans 20-38 bet on sports (YPulse, 2021), indicating that is a significant demographic for casinos 

to target. By gender, men were more likely to trust service robots than women by a statistically 

significant margin, meaning that men would be more likely to use the service than women. 

Married people were more likely to trust robots than participants with other martial statuses. 

Participants who were retired or unemployed were less likely to use robots more than other 

groups while students were the most likely to use robots. Participants who were well educated 

were less likely to view the robot as a human (anthropotheism) and were less likely to use the 

robot. Additionally, those with a lower income (less than $50,000) are more likely to prefer 

humans to robots. This indicates that the utilization of service robots may depend on the 

demographics of the patrons for each casino.  

How does the frequency of sports betting impact the intention to use robotics? The participants 

who were more frequent betters were less likely to trust the service robot. For casino operators, 

this indicates that the most loyal patrons who bet the most often are more likely to value human 

interaction. Indeed, the service robot could be used for the less frequent bettors and as a way to 
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alleviate a line during a period of high demand from non-loyal bettors (i.e., Super Bowl or March 

Madness). However, we would not recommend replacing all human agents with robots.  

Given the shortage of staff, and overall technology trends service robots could be a potential 

long-term solution. In this regard, a robot does not get sick or ask for vacation or time off, 

hypothetically is available 24/7, does not require fixed salary, raise, or promotion. On the other 

hand, it requires maintenance and skilled people that know how to program/customize the robot. 

The outcomes of this study will help to advance the knowledge of the application of robotics. 

This study can have significant implications for revenue enhancement and cost control by casino 

operators. The outcomes could benefit the Gaming regulatory by shedding light on consumer 

attitudes towards robots in casinos. Moreover, it allows regulators to understand the patron 

attitude towards robot facilitated betting, which can become important in setting the future laws 

and legislations related to using service robot and artificial intelligence in sports books and 

casinos.   
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