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Abstract 

Study on Factors Affecting Financial 

Investors’ Acceptance Intention to Robo-

Advisor based on UTAUT 

 

Bongju Cho 

Technology Management, Economics, and Policy Program 

College of Engineering 

Seoul National University 

 

The advancement of information technology (IT) has ensured great success in most 

industries. In particular, AI (artificial intelligence), based on technologies such as big data 

and machine learning, has been applied to various fields and is making great changes. 

Technological innovations in the financial industry, often called FinTech, attract many 

investors’ attention. In particular, the advent of robo-advisors has made investment 

advisory services, which had been regarded as exclusive services for the rich, available to 

general investors. In the Korean financial market, this technology has not yet shown 

remarkable growth. However, many financial companies are trying to vitalize robo-

advisory services because of the low cost of operation and recent deregulation by the 

government. In this market environment, it is important to identify and utilize factors that 
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affect investors’ acceptance of robo-advisors. 

This study aims to identify factors that affect financial investors’ acceptance intention to 

robo-advisors using UTAUT (Unified Theory of Acceptance and Use of Technology). In 

addition to performance expectancy, effort expectancy and social influence, trust and 

perceived risk have been added as independent variables. Age and gender have been used 

to analyze moderating effects. This study aims to contribute to the vitalization of the robo-

advisory market and the popularization of investment advisory services. 

 

Keywords: UTAUT, Robo-Advisor, Investment Advisory Service, Artificial Intelligence 

Student Number: 2016-22882  
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Chapter 1. Introduction 

1.1 Research Background 

Most people in modern society are interested in investing in financial products at least 

once in their lifetime. However, many people hesitate to invest because of uncertainties 

such as the possibility of an unrecoverable loss of their investment. It is difficult for 

individual investors to show good performance in volatile financial markets due to the 

complexity of various factors like fluctuations in the international business environment. If 

these individual investors had access to help from experts, they would participate actively 

in the investment market, but most people find it difficult to engage experts because of 

prohibitively expensive fees. However, the advent of robo-advisors in recent years is 

expected to alleviate the difficulties of individual investors. A robo-advisor is an artificial 

intelligence (AI) driven virtual financial advisor that is used in the asset management 

market. It was introduced in Korea in 2016, but has only recently begun to gain attention 

in the market. Individuals who have so far been hesitant to invest due to insufficient 

financial knowledge and the fear of investment failure are expected to become major 

customers and change the financial market. 

The emergence of robo-advisors can be explained by the growth of information 

technology (IT). The current era, called the Fourth Industrial Revolution, is defined by the 

application of IT to various industrial fields and by innovative technologies such as big 

data, machine learning and deep learning. These terms are no longer unfamiliar, and it is 
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harder to find areas where IT is not applied. In particular, AI is applied to various products 

such as virtual assistants, unmanned cars, and home IoT (Internet of Things). Global 

companies such as Google, Samsung, and Amazon are increasingly investing in these 

technologies. The development of AI is also leading innovation in the financial industry. 

Financial technology, often shortened to FinTech, combines finance and technology to offer 

consumers convenience through services such as simple payments, easy money transfer 

systems and Peer-to-Peer (P2P) lending. In addition, the scope of application has expanded 

to sales, marketing, investment management, trading, and credit evaluation. 

Interest in investment in financial products is related to changes in interest rates. In 

South Korea during the 1970s and 1990s, deposits and savings generated significant profits 

thanks to high interest rates of over 10%. However, from the early 2000s, interest rates 

started to fall below 5%, and now hover around 1%. Considering the inflation rate, deposits 

and savings products are no longer attractive, other than being simply instruments for 

savings. Thanks to this environment, those who want to outperform financially, turned their 

attention to other financial products such as stocks and funds. In addition, the development 

of electronic devices such as smartphones enabled investors to access financial products 

regardless of time or place. In the case of the stock market, in the past, investors had to visit 

the stock exchange in person to trade stocks. However, HTS (Home Trading System) made 

it possible to trade from home, and MTS (Mobile Trading System) has now enabled anyone 

to trade from anywhere and at any time. 
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Figure 1. Change of Standard Interest Rate of South Korea 

As individual investors' accessibility to financial products has improved, the volume of 

transactions has increased, and the volatility of individual assets has grown. In addition, 

interest in financial products has continued to increase proportionately. Competition in the 

financial industry is intensifying to attract more customers. The robo-advisor, which was 

born out of the development of IT in such a market environment, uses automated algorithms 

to suggest optimized portfolios to investors online and to handle asset management (Seo, 

B. I., 2016). With the advancement of big data and AI, the financial industry expects robo-

advisors to improve stability through diversified investments, achieve higher returns than 

regular deposits, and reduce service costs (Park, N. Y., & Jung, S. H., 2017). Robo-advisors 
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are expected to lead big changes in the investment industry by contributing to 

popularization of investment advisory services in highly competitive financial market 

environments. 

Prior to robo-advisors, specialized asset managers called Private Bankers (PB) provided 

investment advisory services to high-value-shareholders. It was difficult for investors with 

small amounts of money to avail that service. However, the advent of robo-advisors enables 

anyone with a small amount of money to access investment advisory services for a low fee. 

This is beneficial for investors such as young people, who have not been able to amass 

large funds. Even with small amounts, the desire to increase its value and protect it makes 

people interested in investment. The banking industry in particular, expects this to be a 

good alternative for restoring trust from investors who experienced the market collapse 

during the global financial crisis of 2008 and now prefer low-risk portfolios. The first robo-

advisor was released in the US in 2008. Start-ups such as Betterment and Wealthfront, have 

grown by attracting ordinary investors with lower investment limits and offering lower 

advisory fees than traditional investment advisory companies. In the beginning, it was not 

popular because the investment advisory sector believed that only humans could handle the 

high levels of analytical ability and predictive power needed for the task. However, thanks 

to the appearance of technologies that applied AI to such fields as virtual assistants and 

automobiles, robo-advisors, the AI of the financial industry, also gained awareness and 

acceptance and expanded its scope in the US financial market. 

In Korea, Kiwoom Investment Asset Management launched its robo-advisory service 
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in April 2016, followed by other financial firms. Looking at the Korean domestic market, 

even if it has the same robo-advisors as the ones used in America, the rate of returns varies 

greatly depending on whether it is bonds or equities. However, the service has not gained 

wide adoption due to lack of trust from domestic investors. In the early stages of its launch, 

it was expected to become a representative service of the financial industry in the Fourth 

Industrial Revolution era, but there was difficultly in growth because its performance did 

not meet user expectations, and because of various regulations. Due to the characteristics 

of AI algorithms used by robo-advisors, which utilize big data, it needs long-enough time 

periods for learning. However, the market is still in its developmental stage, so the amount 

of learning available is insufficient, and this has resulted in low performance. However, in 

the same time that a human being can analyze 30 financial products, a robo-advisor can 

analyze 1 ~ 20,000 financial products, based on the assumption that basic data is available. 

The financial industry continues to pay attention to robo-advisors in the expectation that 

performance will improve as it learns the market over time. Another expectation is that it 

can be operated at a lower cost than existing human investment advisory services, after the 

initial investment of development costs. Based on these facts, the financial industry intends 

to vitalize the robo-advisory market. KEB Hana Bank has classified the domestic robo-

advisory market into the introduction period (2016 ~ 2018), the expansion period (2018 ~ 

2023) and the maturity period (2023 ~ 2025). They estimate the Korean robo-advisory 

market to be worth 1 trillion KRW in 2018, which is during the introduction period, and 

grow to 10 trillion KRW in 2021 and 30 trillion KRW in 2025. 30 trillion KRW is about 27 
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billion USD. Compared to USA’s robo-advisory market that is estimated to reach about 2.2 

trillion USD by 2020, the Korean domestic robo-advisory market is still small (Seo, B. I., 

2016). KEB Hana Bank has categorized robo-advisory service subscribers by investment 

amounts, and we can see that 60.5% investors invested less than one million KRW, and 

18.8% investors invested more than 1 million KRW, but less than 10 million KRW. This 

provides evidence that there is a demand for asset management services from ordinary 

investors. 

 

Figure 2. Forecast of Korea Robo-Advisor Market Size

 

Figure 3. Proportion of KEB Hana Bank Robo-Advisor Subscriber by amount of money 
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In 2015, US credit rating agency Standard & Poor's surveyed 1.15 million people in 

143 countries to estimate illiteracy in financial knowledge. The result showed Korea ranked 

77th, following Uganda (76th) (Lee, S. J., 2018). Many people in Korea do not have enough 

financial knowledge, so even if they wish to invest, they hesitate. In addition, a survey 

conducted on investors with average assets of 12 billion KRW showed that 50% of them 

use specialized investment advisory services when making investment decisions. While 

wealthy individuals with large amounts of assets can manage their assets steadily by using 

professional services, general people find it hard to access professional investment advisory 

services. They hesitate to invest in financial products due to lack of relevant knowledge. 

However, because anyone can use asset management services, it is noteworthy to pay 

attention to robo-advisors. Nevertheless, the domestic robo-advisory market has been 

grown slowly. The financial industry is trying to expand its services by taking advantage 

of the low cost of operating robo-advisory services that do not generate extra labor costs. 

However, investors are not satisfied with simple asset allocation services and look forward 

to even more advanced robo-advisory services. As the financial industry, which wants to 

vitalize the robo-advisory market in earnest, and investors, who want more advanced 

services, coexist, the competition in the market will intensify. Considering the current 

market environment of robo-advisors, it is important to analyze what factors should be 

considered while expanding the market to attract new customers. As new information 

technologies appear, understanding what factors significantly influence acceptance 

intention can be important information for technology developers and related employees. 
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The purpose of this study is to investigate factors affecting the general public’s acceptance 

intention of robo-advisors. By making the results of this research available to the financial 

industry, including robo-advisor developers, it aims to contribute to the improvement of 

service quality, the establishment of strategies for market growth and attraction of new 

customers, and the popularization of wealth management services. For this purpose, this 

study attempts to analyze the factors affecting robo-advisor acceptance intention using the 

“Unified Theory of Acceptance and Use of Technology” (UTAUT) model developed by 

Venkatesh et al, (2003). 
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Chapter 2. Literature Review 

2.1 Robo-Advisor 

Robo-Advisor is a compound word that combines “Robo,” originating from robot, and 

“Advisor”. Robo stands for an automated process without the influence of a human being, 

utilizing mathematical algorithms to support investment decisions. “Advisor” stands for a 

mentor who provides wealth management services, in this case in an automated manner. 

Putting these terms together, it can be defined as “financial advisory services based on 

software that minimize human intervention through web or mobile platforms” and 

“financial advisory services that manage customers' portfolios online using automated 

algorithms” (Seo, B. I., 2016). “Automated Investment Advisor” is a more accurate term, 

but since Richard J. Koreto, an American journalist, used the term “Robo-Advisor” for the 

first time in March 2002, it has been recognized as a successful innovation of FinTech and 

has gained widespread usage (Lee, K. Y., 2016). Robo-advisors analyze the market in a 

highly volatile financial environment and forecast future markets by using big data analysis 

technology based on AI. Briefly, it is a kind of asset management service that constructs a 

customized portfolio reflecting personal investment propensity, rebalances it in the future 

investment process, and directly manages assets. Lee, S. B. (2016) suggests three 

conditions for a solution to be classified as a robo-advisor. First, it should provide 

investment advisory and asset management services using pre-built algorithms. Second, it 

should provide non-face-to-face investment advisory or wealth management services on 
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behalf of a person. Third, it should contribute to the popularization of investment advisory 

and asset management services by drastically lowering the minimum investment limit and 

consulting fees compared to existing services. Before the advent of robo-advisors, it was 

difficult for ordinary people who own few assets (such as young people) to use investment 

advisory services. However, this has changed, as the main aim of robo-advisors is mass-

affluence. There is enough demand for this type of asset management services. In this 

aspect, it is expected that robo-advisors can contribute to the popularization of asset 

management services. In particular, robo-advisors can be differentiated from existing asset 

management services provided by private bankers because it provides online services based 

on automated algorithms (Seo, B. I., 2016). Through automated algorithms based on big 

data, robo-advisors present investment portfolios optimized for individual investors that 

take into account their investment risk levels. It also performs a rebalancing process that 

adjusts the proportion of the investor's assets and updates their portfolio by continuously 

monitoring changes in the market. Thanks to the development of IT, most financial 

transactions can be conducted online through computers or mobiles, except services such 

as simple payments and easy money transfers which users are required to perform. Robo-

advisors, however, can be differentiated by their AI algorithms, which minimize human 

intervention, present a portfolio, and automatically conduct transactions on behalf of users. 

It can be a great help for those who do not have enough knowledge of investments, but 

want to invest in stocks, funds or any other financial products. In Korea, banks, asset 

management companies and stock firms / investment advisory firms provide different types 
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of robo-advisory services according to the “Capital Market and Financial Investment 

Business Act.” In the case of banks, robo-advisors generate an investment portfolio, and 

customers conduct trading. Asset management companies provide services where AI 

algorithms perform trading. Stock firms / Investment advisory companies provide services 

where AI algorithms operate as managers to manage labs, which are similar to that of asset 

management firms. In addition, robo-advisors can be classified as three main types: 

"Advisory," which presents a portfolio and manages assets according to investors’ decision; 

"Entrusted," which are entitled by customers to operate their assets directly; "Hybrid," in 

which professional investment manpower intervenes to assist the robo-advisor. 

 

Table 1. Classification of robo-advisors by financial business sector 

Classification Services Description 

Banks Fund portfolio 
Provides portfolios comprising funds generated by AI 

and post-management services 

Asset 

management 

companies 

AI funds Provides funds that are managed by AI 

Stock firms/ 

Investment 

advisory firms 

AI labs 

(Stock / ETF) 
Provides AI-operated-and-managed lab services 

 

Table 2. Classification of robo-advisors by operating method 

 

Entrusted 

(Online-based portfolio 

manager) 

Advisory 

(Monitor & give 

suggestions) 

Hybrid 

(Technology-augmented 

by humans) 
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Main 

Service 

-Allocates customers’ 

assets to funds and 

manages customer assets 

directly with algorithm-

based software   

-Provides rebalancing, 

minimizing tax strategies 

service 

-Monitors customers’ 

portfolios and provides 

regular investment 

advisory services using 

algorithm-based software 

(Customer is main trader)  

-Includes changing low 

performing/high cost 

products and suggesting 

rebalancing 

- Advises and operates as 

a robo-advisor, but utilizes 

online channels as a 

means of communication 

with customers 

 

Table 3 Robo-Advisor in USA 

Service 

Provider 

Minimum 

amount of 

Investment 

Annual Commission 
Portfolio 

Composition 

Betterment No Limit 
Less than $10,000, 0.35% 

More than $10,000, 0.25% 
Max12 ETF 

Wealth 

Front 
$5,000 

Less than $10,000, None 

More than $10,000, 0.25% 
Max7 ETF 

Charles 

Schwab 
$5,000 None Max 12 ETF 

Personal 

Capital 
$100,000 

Less than $1,000,000, 0.89% 

More than $1,000,000, 0.49%~0.79% 

Max100 Stocks 

Max. 20 ETF 

Vanguard $100,000 0.30% 5~10 ETF 

Fidelity $2,500 $7.95 / trade 2~10 ETF 

Tradeking $5,000 
The first one year : free 

After the first year : 0.25% 
14~20 ETF 
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Table 4 Robo-Advisor in South Korea 

Classification 
Service 

Provider 
Description Service Release 

Banks 

Woori 

Launched ‘Woori Robo-Alpha’ in 

partnership with ‘Fount’. Applicable 

to ‘ISA’ 

MAY 2017 

KB 

Launched entrusted type robo-

advisor ‘Quarterback R-1’ which is 

the first robo-advisor in the banking 

industry 

JAN 2016 

Hana 

Launched ‘Cyper PB’ which is the 

first self-developed robo-advisor in 

the banking industry 

MAR 2016 

Shinhan 

Launched ‘M-Folio’ which applied 

algorithm of ‘SBCN.’ Recently 

launched hybrid robo-advisor ‘Sol-

Rich’ which provides risk 

management service 

NOV 2011(M-

Folio) 

DEC 2018(Sol-

Rich) 

NH 

Launched ‘NH Robo-Pro’ which is 

connected to IRP (Individual 

Retirement Pension) management 

service 

AUG 2016 

Stock 

firms 

Samsung 

Developed ‘Investment Performance 

Verification System’ which is the 

core technology of the robo-advisor 

platform 

AUG 2016 

Daishin 
Charges lowest operation cost and 

commission 
APR 2018 

Kiwoom 

Used self-developed algorithm. 

Showed highest rate of return for 

three months in test-bed  

AUG 2017 
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KDB 

Launched ‘Robo-Advisor Market’ 

which connects service providers and 

customers 

MAR 2016 

Asset 

management 

companies 

Mirae 

Asset 

Collaborated with Korea University 

to utilize deep learning technology 
JAN 2017 

NH 

Amundi 

Invested in ETF utilizing robo-

advisor engine of ‘December and 

Company’ 

SEP 2016 

 

Globally, the robo-advisor market continues to grow. Above all, the United States has 

an overwhelming market size. According to a report released in April 2017 by Burnmark, 

a research firm specializing in FinTech, there are more than 200 robo-advisors in the US. 

Thirty-one robo-advisors exist in Germany, which is the second-largest market in the world, 

and there are 20 robo-advisors in UK and China. Two major robo-advisor companies are 

Betterment and Wealthfront. They are experts in robo-advisors and conduct entire asset 

management processes themselves using their own algorithms. Interest in Betterment, 

which emerged in 2008, has increased explosively thanks to its differentiation factors, 

lower minimum investment limit and low fees compared to existing investment advisory 

services. Existing financial institutions such as Charles Schwab, Vanguard, and Fidelity 

began providing robo-advisory services because they realized the growth potential as asset 

management services expand to the general public. AUM (Asset Under Management) in 

the US robo-advisory market is expected to grow at an annual average rate of 64.65% until 

2020, reaching 2.2 trillion USD. 

Stock firms and banks are at the center of the robo-advisory market environment in 
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South Korea, due to the capital market law that prohibits non-certified investment advisors 

or non-investment managers from providing investment consulting services. Moreover, 

regulations that require a capital investment of more than 4 billion KRW make it difficult 

for pure robo-advisory companies to provide services independently. 

In the meantime, the slow growth of the robo-advisory service market has also been 

largely influenced by associated regulations, as well as unexpected financial market 

performance. The first regulation is about non-face-to-face investment services. In the past, 

an investor had to visit the financial institution directly to use entrusted-investment services 

and meet with an employee face-to-face to get information about the product before signing 

on a contract. It was difficult to use the investment service because of the hassle of making 

visits in person. However, when the Financial Services Commission revised the Financial 

Investment Business Act in June 2018, it became possible to use entrusted-investment 

services utilizing robo-advisors if customers were informed about the products via video 

calls. As a result, it is anticipated that robo-advisory services, which have until now been 

focusing on merely proposing portfolios, will be able to conduct trading and rebalancing 

after being entitled with that right by customers. However, subscribers may feel burdened 

by the need to use video calls because it takes time to get a notice of the investment guide 

after submitting the application form for mobile services, and the call attracts attention in 

the surrounding area. In terms of service providers, the annual operating cost of a video 

call center reaches 1.5 billion KRW on average, which can be burdensome. The government 

is concerned about the possibility of financial fraud, such as the leakage of personal 
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information, if the non-face-to-face identification regulation is completely eased. 

Another regulation in the robo-advisory market is capital. In order to provide 

investment services using robo-advisors, it is necessary to hold more than 4 billion KRW 

as capital and publish performance results of the robo-advisor for more than one year and 

six months. Robo-advisor technology is mainly owned by start-ups, but it is difficult to find 

start-ups that own more than 4 billion KRW in equity capital. For this reason, what start-

ups can do is just provide technology to large financial companies that sell financial 

products. It is impossible for the technology owners to provide services directly to 

customers. 

The advantage of robo-advisor is much lower commissions (0.15% ~ 0.89% in the US) 

than existing PB services. The costs are lower because if a firm only acquires the minimum 

number of management personnel required to operate the robo-advisory service, no extra 

labor costs are generated for providing asset management services using the automated 

algorithm. In addition, it can be differentiated from existing PB services in that the service 

is available at a low fee and a small amount of investment. 

 

Table 5. Differences between robo-advisors and private bankers 

Classification Robo-advisor Private banker (PB) 

Channels Online (Intact) Face-to-face contact 

Main customers Normal investor Wealthy (rich) individual 

Minimum 

investment 
Small sums (0 ~ 100,000 USD) 

Large sums 

(more than 250,000 USD) 

Commissions Less than 1% More than 1 % 
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Service hours 24 hours Business hours 

Competitiveness 
Convenient accessibility, 

Low commissions 

Investment consulting by 

professional managers 

Decision making Analysis using big data Experience, intuition 

Service 

processes 

Auto-rebalancing investment-behavior 

and asset allocation through surveys 

Professional manager checks, 

rebalances and provides portfolios 

through individual interviews 

Investment 

products 
Passive (ETF, Index, Fund, etc.) Passive & active 

 

Robo-advisors work through the steps of "Customer Profiling → Asset Allocation → 

Portfolio Selection → Transaction Execution → Portfolio Rebalancing → Minimizing 

Tax Loss → Portfolio Analysis" (Seo, B. I., 2016). In the first step of customer profiling, 

customers’ information such as age, income, investment purpose, and risk propensity are 

identified based on questions and answers. In the asset allocation stage, the proportion of 

investment on each asset class is determined according to the propensity and purpose of 

the investor. After that, the optimal financial product is selected and recommended to the 

customer in the portfolio selection stage. Based on Markowitz's portfolio selection theory, 

modern portfolio theory, and capital asset pricing model, it derives efficient investment 

boundaries by calculating the proportion between risk-free and non-risk-free assets and 

mean-variance portfolio model (Lim, H. J., Ryu, D. J., & Yang, H. J., 2018). Based on this, 

robo-advisors allocate asset groups, construct detailed portfolios, and then execute 

transactions. At the order execution stage, robo-advisors conduct trading if the investor has 

assigned rights. Otherwise, the investor selects products based on portfolios received from 
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the robo-advisor to execute trading. After that, deep learning and machine learning 

techniques are used to monitor the market in real time and acquire data, and to manage 

risks according to market conditions. It is more likely to deliver results that meet customers’ 

goals because it manages the portfolio in real-time using automated AI algorithms that 

know the propensity of the investor (Lim, H. J et al., 2018). 

While robo-advisors have many advantages for customers, there are also some 

disadvantages. The first disadvantage is concerned with incomplete sales. Robo-advisors 

may offer arbitrary portfolios rather than customized portfolios because they use pre-built 

algorithms, which could lead to incomplete sales if market competition intensifies. The 

reason for regulations on non-face-to-face investment services covers the possibility of 

incomplete sales in an environment where interaction with investors was limited. Another 

disadvantage is related to security. Robo-advisors are algorithm-based services. Sometimes 

it is hard to notice if there is a problem in the algorithm itself because there is minimal 

human intervention. In addition, there is also the possibility of suggesting unsuitable 

portfolios to customers due to attacks from hackers, or order errors. 

 

2.2 UTAUT (Unified Theory of Acceptance and Use of 

Technology) 

When new products or technologies emerge, producers set up various strategies to 

secure a competitive advantage because its spread in the market immediately leads to profit. 

Many studies have analyzed the factors influencing “acceptance” and “continuous 
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acceptance intention” of consumers. Whether users will actively accept and use new 

information technologies is one of the main research themes in the field of management 

information science (Park, I. S., & Ahn, H. C., 2012). Several models have been used to 

study this. Among them, the TAM (Technology Acceptance Model) developed by Davis 

(1989), which describes the behavior of individuals’ acceptance to new technologies, is the 

most commonly used. TAM is used to identify factors that affect users' acceptance intention 

(Jeon, S. H., Park, N. R., & Lee, C. C., 2011). TAM is based on the assumption that users' 

attitudes toward new technologies determine their intention to use it, and that this affects 

the use behavior. This behavior is based on perceived usefulness (PU) and perceived ease 

of use (PEOU) (Park, I. S., & Ahn, H. C., 2012). TAM has been used to analyze factors 

affecting consumers’ acceptance intention for new technologies such as ubiquitous 

computing and simple payment services. However, despite the widespread use of TAM, 

one of its disadvantages is that it cannot explain the effects of various exogenous variables 

when users accept technology (Jeon, S. H. et al., 2011). Therefore, there has been a need 

for an improved model that can analyze factors affecting acceptance intention from an 

overall viewpoint reflecting personal and technical characteristics (Choi, S. J., & Kang, Y. 

S., 2016). In order to overcome these drawbacks, Venkatesh et al., (2003) developed the 

UTAUT (Unified Technology Acceptance and Use of Technology) model combining the 

following existent theories: TRA (Theory of Reasoned Behavior), TRP (Theory of Planned 

Behavior), TAM (Technology Acceptance Model), MM (Motivation Model), C-TAM-TPB 

(Combined TAM and TPB Model), MPCU (Model of PC Utilization), IDT (Innovation 
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Diffusion Theory), SCT (Social Cognitive Theory). It also included 32 constructive 

concepts that provide a higher power of explanation. 

 

Table 6. Constructs of UTAUT 

Theory Description Researcher 

TRA 

(Theory of Reasoned 

Action) 

Proposes that attitudes and subjective norms 

affect behavioral intention. Behavior intention is 

the main motivator of behavior 

Fishbein et 

al.(1975) 

TPB 

(Theory of planned 

Behavior) 

Adds ‘Perceived Behavioral Control’ to TRA Ajzen(1991) 

TAM 

(Technology 

Acceptance Model) 

Evaluates how perceived usefulness (PU) and 

perceived ease-of-use (PEOU) affect behavioral 

intention to use. Attitude is used as a mediator 

Davis et 

al.(1989) 

C-TAM-TPB Expands TAM combined with TPB 
Taylor et al. 

(1995) 

MM 

(Motivation Model) 

Gauges how much “extrinsic motivation,” and 

“intrinsic motivation” affect acceptance intention 

Davis et al. 

(1992) 

MPCU 

(Model of PC 

Utilization) 

Suggests PC utilization model using social 

factors, complexity, job-fit, long-term 

consequences, affect towards use, and facilitating 

conditions 

Thompson et 

al. (1991) 

IDT 

(Innovation 

Diffusion Theory) 

Uses “compatibility,” “complexity” and 

“relative advantage” as independent variables 

affecting rate of innovation adoption 

Moore et al. 

(1991), 

Rogers(2003) 

SCT 

(Social Cognitive 

Theory) 

Describes the influence of individual 

experiences, the actions of others, and 

environmental factors on individual health 

behaviors 

Compeau et al. 

(1995) 
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Figure 4. UTAUT Model 

 

UTAUT is basically composed of four factors. Three of them (Performance Expectancy 

(PE), Effort Expectancy (EE) and Social Influence (SI)) affect acceptance intention, and 

the remaining one, Facilitating Condition (FC) affects the actual behavior of use. In 

addition, age, gender, experience, and voluntariness of use are suggested as control 

variables (Lee, D, M. et al., 2010). In general, UTAUT provides 70% explanatory power 

for users’ acceptance intention to technology and 50% for use behavior, which is about 20 

~ 30% higher than that of TAM (Venkatesh el al., 2012). Therefore, many of the recent 

studies analyzing factors that affect acceptance intention to new technologies are using 

UTAUT (Park, I. S., & Ahn, H. C., 2012). The model can also be modified by adding 

additional variables or removing certain variables amongst the four basic variables. 
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This study aims to identify the acceptance intention to robo-advisor by adding “trust” 

and “perceived risk” to UTAUT, and age and gender as control variables. In particular, it 

will focus on analyzing acceptance intention, excluding actual use since the robo-advisor 

market is still in its early development stage, and aim to provide information for attracting 

new customers. 

 

 Precedent Research using UTAUT 

There are a number of studies on acceptance intention for new technologies using 

UTAUT. Song, B. C., & Kim, W. M. (2018) analyzed the factors affecting the acceptance 

intention to influenza vaccination in product groups within hospitals and medical 

institutions in a highly competitive market by using UTAUT. They added “perceived risk” 

and found that all the variables significantly affect acceptance intention. 

Kim, S. M., & Lee, C. W. (2013) analyzed acceptance intention to U-healthcare service 

that enables people to use medical services without any time and place limitations by 

surveying 98 people working in the medical field. They added “perceived risk” and found 

that all variables except FC significantly affects acceptance intention. In addition, 

“voluntariness” had a moderating effect between PE, EE, EE and acceptance intention.  

Magsamen-Conrad, Upadhyaya, Joa, & Dowd (2015) surveyed 899 people between the 

ages of 19 to 99 to analyze the moderating effects of age on acceptance intention to tablet 

PCs. They found that PE, EE, SI and FC significantly affected acceptance intention, and 

age also significantly affected all the variables as moderate variables. 
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Slade, Dwivedi, Piercy, & Williams (2015) conducted a survey on 268 UK respondents 

to examine factors that affect acceptance intention to remote mobile payments (RMP). 

They removed FC and added “innovativeness,” “perceived risk” and “trust.” They found 

that PE, SI, innovativeness and perceived risk significantly affect acceptance intention. In 

addition, they showed that knowledge about RMP systems had a moderating effect on trust 

and effort expectancy. 

Chung, H. C., Koo, C. M., & Chung, N. H. (2017) surveyed 310 people to examine 

their acceptance intention to NFC (near field communication) technology. They added the 

variable “trust.” In particular, trust was used as a mediate variable affecting PE, EE and SI. 

The findings were that PE, EE and trust directly affect acceptance intention and trust 

performs as a mediate variable. 

Choi, S. J., & Kang, Y. S. (2016) investigated the factors that affect acceptance intention 

to a simple payment system by adding the variables “innovativeness,” “expectation of 

network effect,” and “trust.” Carolina, Tiago, & Ales (2013) added “perceived risk” to the 

existing four variables and used age and gender as moderate variables. 
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Chapter 3. Research Design 

3.1 Research Model 

The purpose of this study is to investigate the factors affecting acceptance intention to 

robo-advisor services, and the research has been designed based on the UTAUT model. In 

its original version, UTAUT suggests PE, EE, SI and FC as basic variables. In general, PE, 

EE, and SI have an effect on acceptance intention, and FC is known to influence usage 

behavior directly. Many previous researches using UTAUT have focused on acceptance 

intention and excluded actual use. This study also focuses on acceptance intention of 

potential users to robo-advisor technology. Therefore, a decision was taken to exclude use 

behavior because it focuses on intention to use. In addition, Venkatesh et al. (2003) states 

that FC is not significant on intention to use. Additionally, it significantly affects acceptance 

intention when a new system is just released (Kim, Y. J., Park, Y. & Seo, C. S., 2018). After 

the introduction of robo-advisor services in Korea in 2016, many financial companies 

developed platforms for users utilizing their own applications. In addition, considering that 

the definition of FC is “The degree to which an individual believes that an organizational 

and technical infrastructure exists to support use of the system,” it seems proper to exclude 

FC. Referring to other researches that used UTAUT, “trust” and “perceived risk” were 

added as variables. In particular, trust has a direct effect on intent to use, and also manifests 

mediating effects on other variables. Therefore, this research also uses trust as a mediate 

variable, and also added age and gender as moderate variables.  
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Figure 5. Research Model 

 

3.2 Hypothesis 

 Performance Expectancy 

Performance expectancy (PE) is defined as “the degree to which an individual believes 

that using the system will help users to attain gains in job performance” (Venkatesh et al., 

2003). “Perceived usefulness” (PU) in TAM, C-TAM-TPB, “extrinsic motivation” in MM, 

“job-fit” in MPCU, “relative advantage” in IDT, and “outcome expectation” in SCT are 

corresponding variables. Haile, N., & Altmann, J. (2016) stated that PU is a strong predictor 

of use intention and correlates with use intentions during the initial adoption phase and post 

adoption phase. PE is known to have the biggest effect on intention to use and it has been 

found to have a positive (+) effect in research that analyzed Internet banking (Lee D. M. et 
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al, 2010; Carolina et al., 2013), NFC (Chung, H. C. et al., 2017), and crowd funding (Kim, 

S. D. & Jeon, I. O., 2017). 

PE is defined as “the degree to which an individual believes that using the robo-advisor 

will help users to attain gains in asset management performance” and sets the hypothesis. 

 

H1: Performance expectancy positively affects acceptance intention to robo-advisors 

 

 Effort Expectancy 

Effort expectancy (EE) is defined as “the degree of ease associated with the use of the 

system” (Venkatesh et al., 2003). “Perceived ease of use” in TAM, “complexity” in MPCU, 

and “ease of use” in IDT are similar variables. EE examines the convenience of interfaces, 

the ease of use, and the presence of various convenient help functions (Yang, S. H. et al., 

2016). It is known that EE has a positive (+) effect on acceptance intention (Lee, D. M. et 

al., 2010; Kim, S. M., & Lee, C. W., 2013). 

In this study, EE is defined as “the degree of ease associated with the use of robo-

advisors.” To use robo-advisor services, some devices such as smart phones are necessary 

and users need to know how to connect to the system and how to run the program. Service 

providers try to provide convenience to users by designing simple screens so that users can 

use it easily. Based on this fact and previous researches, the following hypothesis is 

proposed: 
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H2: Effort expectancy positively affects acceptance intention to robo-advisors 

 

 Social Influence 

Social influence (SI) is defined as “the degree to which an individual perceives that 

important others believe he or she should use the system” (Venkatesh et al., 2003). 

“Subjective norm” in TRA, C-TAM-TPB, “social factor” in MPCU, and “image” in IDT 

are correspondent variables. Human beings are social animals that have various 

relationships with different people in society, and other people can also influence the 

acceptance of new technologies. Venkatesh et al. (2003) stated that voluntariness does not 

have a significant impact on SI in accepting new technologies, but voluntariness has a 

significant impact on SI when the use of the technology is mandatory. 

In this research, SI is defined as “the degree to which an individual perceives that 

important others believe he or she should use the robo-advisor service.” If an individual 

believes that important others will use the new technology, he or she might accept the 

system (Chung, H. C et al., 2017). The number of robo-advisors in use is not yet enough, 

however, it is expected that people can be influenced by other people who use robo-advisor 

services. SI has been shown to positively affect acceptance intention in uTradeHub (Song, 

S. Y., 2017), ubiquitous computing (Yoo, H. S., Kim, M. Y., & Kwon, O. B., 2008) and 

NFC (Chung, H. C et al., 2017). Based on these facts, the following hypothesis is proposed: 

 

H3.  Social influence positively affects acceptance intention to robo-advisors 
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 Perceived Risk 

Perceived risk is considered a negative result related to uncertainty that is caused when 

using certain technologies or services. Researches that analyzed users’ acceptance intention 

usually deal with technologies such as mobile credit cards (Park, I. S., & Ahn, H. C., 2011), 

NFC (Chung, H. C et al., 2017) and Internet banking (Lee, D. M. et al., 2010). Because 

these technologies primarily deal with financial assets, users need to provide sensitive 

individual information. In such environments, there are possibilities of leakage of personal 

information and users are concerned about this. In addition, there are possibilities of 

damage from external attacks while utilizing certain technologies; for example, the 

likelihood of networks being hacked. Network environments can be restricted by threats, 

and users have difficulties in controlling failures and network attacks. In addition, the 

dynamic characteristic of the environment makes it incapable for users to predict its 

performance (Hwang, J., Park, J., & Altmann, J., 2010). Mobile phones are required to use 

robo-advisors. This means that robo-advisor environments can also be exposed to the risks 

mentioned above. 

Ha, L., & Lee, H. S. (2015) subdivided perceived risk into performance risk, monetary 

risk, social risk, time risk, privacy risk, security risk, technological risk and legal 

institutional risk. Featherman & Pavlou (2003) defined perceived risk as “potential 

damages that exist in the process of using e-services to pursue intended results,” and 

subdivided it into performance risk, financial risk, time risk, psychological risk, social risk, 

privacy risk and overall risk. The results of their survey showed that users are mainly 
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concerned about the loss or theft of personal information or money. Haile, N., & Altmann, 

J. (2015) defined perceived risk as the “joined impact of determinants that can be 

considered barriers to the deployment of the system,” and used it as a mediator.  

Through these points, it can be concluded that security and privacy while using new 

information technology are important factors affecting perceived risk. It is known that 

perceived risk imposes a negative (-) effect in researches conducted on cloud computing 

(Kim, J. W., & Kim, Y. G., 2012), Internet banking (Carolina et al., 2013), and simple 

payment systems (Kang, S. H., & Kim, H. K., 2016). In this research, perceived risk is 

defined as “feelings of uncertainty or anxiety about the potential for loss in the pursuit of a 

desired outcome of using robo-advisors,” and the following hypothesis is proposed: 

 

H4. Perceived risk negatively affects acceptance intention to robo-advisors 

 

 Trust 

The emergence of new technologies brings innovation and provides better 

environments for users. However, it is difficult for users to use the new technologies unless 

it is properly verified to function properly. In this regard, trust is one of the important 

variables in explaining the acceptance intention to new technologies (Yang, S. H. et al., 

2016). Bu & Pavlou (2002) defined trust as “Subjective assessment that others will perform 

certain transactions according to confident expectations in an environment characterized 

by uncertainty,” and Choi, S. J., & Kang, Y. S. (2016) defined it as “Subjective belief that 
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the user perceives as the new technology will fulfill its original functions and obligations 

properly.” 

Trust is an important factor for users to accept robo-advisors, because it provides 

services that handle a user's financial assets. Yang, S. H. et al. (2016) also stated that trust 

is an important factor in financial services and found that it positively affects acceptance 

intention. Trust can be divided into trust in technologies and trust in service providers 

(Chandra et al., 2010). Trust in technologies means the structural stability of the technology 

environment, and trust in service providers is deeply related to reputation, and is related to 

the degree to which users believe that service providers will safeguard and use their 

information properly. Chung, H. C. et al. (2017) stated that the quality of information is 

important for trust and focused on whether information and services are provided to users 

as desired rather than exposing them to risks that could arise in the process of using services. 

Kim, S., Hwang, J., & Altmann, J. (2012) stated that the establishment of trust is an 

important factor for the growth of systems, and vendors send signals to improve 

trustworthiness in order to be selected by users. 

In this research, trust is defined as “The degree to which an individual believes that the 

system will operate its function properly.” Investors provide personal information to use 

robo-advisor services, invest using their own assets, and check information regarding 

service providers through the Internet. Therefore, trust is an important factor (Park, N. Y., 

& Jung, S. H., 2017). It is believed that if trust is formed, it will have a positive effect on 

the activation of the robo-advisory industry, and the following hypothesis is proposed: 
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H5.  Trust positively affects acceptance intention to robo-advisors 

 

 Mediation Effect of Trust 

Trust is an important factor when accepting something new. This directly affects 

acceptance intention, but it is also related to other factors. Chung, H. C. et al. (2017) proved 

that trust can be a mediate variable on PE, EE and SI in studies on NFC. “Important people” 

in SI can be understood as the people whom the user trusts, and if they use a certain system, 

then the user also trusts the system. It means that social influence can affect trust. Gefen et 

al. (2003) found that in e-commerce environments, the easier websites are to use, the more 

they build relationships and trust through interaction. In this context, it can be understood 

that users feel they can trust the service if it is easy to use, and other people using the service 

can also affect users’ trust. It means that EE can also affect trust. Park et al. (2005) proved 

the mediation effect of trust in a study about use intention of Internet shopping, and said 

that PU affects users’ satisfaction. In a study about crowd funding, Kim, Y. J. et al. (2018) 

also proved that trust has a mediation effect on PE, EE and SI. The fact is that trust can be 

affected by whether new technologies are easy to use, or other important people are using 

it, or using it is beneficial. Kim, J. W. et al. (2012) classified risk as a precondition of trust, 

saying that objective risk always exists. Considering these facts, the following hypotheses 

are proposed:  
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H6a.  The impact of performance expectancy on acceptance intention to robo-

 advisors is mediated by trust 

H6b.  The impact of effort expectancy on acceptance intention to robo-advisors is 

 mediated by trust 

H6c.  The impact of social influence on acceptance intention to robo-advisors is 

 mediated by trust 

H6d.  The impact of perceived risk on acceptance intention to robo-advisor is 

 mediated by trust 

 

 Moderate Effect of Age and Gender 

In order to expand the robo-advisor market, further analysis is needed. Venkatesh & 

Morris (2000) stated that different age groups may think differently when it comes to 

making a decision about the use of technology. However, despite the increase in exposure 

to new technologies, older age groups tend to have greater hesitation to accepting new 

technologies than younger generations (Blackler, Mahar, & Popovic, 2009). Therefore, this 

research will analyze whether this fact works in same way in connection to robo-advisors. 

In addition to age, gender is another factor that can lead to differentiation. Venkatesh et al. 

(2003) suggested age and gender as moderate variables. Ahn, D. C., & Kim, S. H. (2009) 

proved that the moderate effect of gender exists in mobile advertisements. Considering 

these facts, it is expected that the moderate effect will exist in acceptance intention to robo-

advisors, and the following hypotheses are proposed:  
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H7a. The relationships between performance expectancy and acceptance intention to                        

    robo-advisors will be moderated by age 

H7b. The relationships between effort expectancy and acceptance intention to                  

    robo-advisors will be moderated by age 

H7c. The relationships between social influence and acceptance intention to robo-                 

    advisors will be moderated by age 

H7d. The relationships between perceived risk and acceptance intention to robo-                 

   advisors will be moderated by age 

H7e. The relationships between trust and acceptance intention to robo-advisors will                  

   be moderated by age 

H8a. The relationships between performance expectancy and acceptance intention to                  

   robo-advisors will be moderated by gender 

H8b. The relationships between effort expectancy and acceptance intention to                  

   robo-advisors will be moderated by gender 

H8c. The relationships between social influence and acceptance intention to robo-

advisors will be moderated by gender 

H8d. The relationships between perceived risk and acceptance intention to robo-advisors 

will be moderated by gender 

H8e. The relationships between trust and acceptance intention to robo-advisors will                  

   be moderated by gender 
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Chapter 4. Research Methodology 

4.1 Data Collection 

The survey was conducted for five days from November 5 to 9, 2018, through a request 

to Embrain, an online survey company. This study intends to contribute toward attracting 

new customers to the robo-advisory market, which is still in its early stage of development. 

Therefore, respondents were not limited to any specific conditions. The explanation about 

what a robo-advisor is, along with examples of the actual services were added for 

understanding because this research assumes that people are not familiar with robo-

advisory services. The response to the questionnaire was measured according to the 5-point 

Likert scale, arranging from 1 point (not very similar) to 5 points (very much). The 

questionnaire was delivered to a total of 466 people, and 337 samples were collected. 

<Table7> describes the demographic characteristics of respondents. Gender balance 

between male (50.4%) and female (49.6%) is almost equal. Looking at the age groups, the 

ratio of respondents in their 20s, 30s, 40s, 50s, 60s, and above 60 is 25.8%, 24.0%, 24.3%, 

19.6% and a relatively low 6.2% respectively. With relation to age and gender, the intention 

was to be uniformly distributed to test moderate effects. In terms of education levels, most 

respondents are students or university graduates (76.3%), followed by high school 

graduates (10.7%), master’s degree holders (6.8%) and doctoral degree holders (6.2%). The 

number of respondents who have investment advisory service experience is 56, which 

accounts for 16.6% of the total. This number indirectly demonstrates that the main users of 
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investment advisory services are wealthy individuals because of high commission charges. 

This is in line with the background of this study, and its aim to activate and popularize 

investment advisory services. In order to measure the variables proposed in the research 

model, the questionnaires were extracted from previous researches and revised for the 

purpose of this study. A pilot survey was conducted prior to the main survey. 

 

Table 7. Sample socio-demographic profile 

Classification Frequency Ratio(%) 

Gender 
Male 170 50.4 

Female 167 49.6 

Age 

20s 87 25.8 

30s 81 24.0 

40s 82 24.3 

50s 66 19.6 

60s 21 6.2 

Education level 

Equal or less than high-school 36 10.7 

University enrolled/graduated 257 76.3 

Master’s enrolled/graduated 23 6.8 

Doctor’s enrolled/graduated 21 6.2 

Monthly Income 

Less than 1.5M KRW 56 16.6 

More than 1.5M and less than 3M KRW  116 34.4 

More than 3M and less than 5M KRW 89 26.4 

More than 5M and less than 7M KRW 50 14.8 

More than 7M KRW 25 7.7 

Investment 

experience 

Experienced 234 69.4 

Inexperienced 103 30.6 
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Financial 

products 

(Multiple choice) 

Stocks 153 

Bonds 36 

Funds 162 

Others 9 

Investment 

advisory service 

Experienced 56 16.6 

Inexperienced 281 83.4 

Total 337 100 
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Chapter 5. Analysis Result 

5.1 Reliability and Validity 

Prior to analyzing the research model, a reliability and validity analysis was conducted 

to confirm whether the items were measured as intended. The questionnaire items used in 

this study are based on questionnaires used in previous researches that had already secured 

reliability and validity. It was also necessary to verify whether the variables to explain the 

acceptance intention to robo-advisors were appropriately constructed. For this, reliability 

analysis, explanatory factor analysis (EFA), and confirmatory factor analysis (CFA) were 

conducted. 

Factor analysis is used during the preliminary evaluation of measurement items in most 

studies that analyze acceptance intention of technology, because it shows approximate 

direction of reliability and validity in measuring each variable (Yoo, H. S. et al., 2008). 

Reliability indicates whether questions in the survey adequately reflect the concept of 

variables (Churchill, 1979). In other words, it indicates the accuracy and precision of 

measurement items, and means that the same value would be obtained when the same 

measure is repeated (Yang, S. H., Hwang, Y. S., & Park, J. L., 2016). Split half method and 

Cronbach’s alpha are widely used methods to measure reliability (Kerlinger, 1986). In this 

research, Cronbach’s alpha, which is widely used in research about acceptance intention, 

is measured. Cronbach's alpha coefficient has a value between 0 and 1, and the closer to 1, 

the higher the reliability. If it is more than 0.7, reliability is considered to be secured. The 
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results of Cronbach's alpha calculations in this research are 0.801 ~ 0.906. Therefore, it is 

considered that reliabilities of all items are secured. 

Validity analysis indicates whether questionnaires in the survey measured the concept 

of variables correctly and accurately. This can be determined by analyzing the correlation 

between the factors (Yang, S. H. et al., 2016). Validity tests can be conducted through factor 

analysis. Through factor analysis, the dimension of variables can be reduced by minimizing 

the loss of information and main internal factors can be extracted (Yoo, H. S., 2008). 

Factor analysis can be mainly divided into EFA (Explanatory Factor Analysis) and CFA 

(Confirmatory Factor Analysis). EFA is used when there is no information on how the 

factors and measurement variables of the factors are composed. By measuring the inherent 

characteristics of data, it extracts the factors (latent variable) and the measurement items 

constituting question items. It is usually used when there is no previous research. CFA is 

used to analyze the relationship between latent variables and observed variables when the 

number of factors is known. In other words, it can be used to confirm the theory. This 

research uses UTAUT and variables (PE, EE and SI) that are already verified. However, 

there is no research that applies UTUAT to analyze acceptance intention to robo-advisors, 

and it has been modified by adding variables such as trust and perceived risk. Therefore, it 

is necessary to check whether latent variables and measurement variables groups are 

statistically significant. Therefore, EFA was performed on the items constituting the 

variables used in the research model. Principal component analysis (PCA) and common 

factor analysis (CFA) methods were used to extract the factors. PCA, which is commonly 
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used, was used in this study to reduce the dimension of data. Factors with an eigenvalue, 

which measures how the variance can be explained by factors, of 1 or above, were extracted, 

and Varimax Orthogonal Rotation was used to clarify the relationship between factors and 

variables. Factor loading, which indicates how a specific factor explains the variable using 

correlation between the factors and the measurement items, 0.4 or above, and communality, 

which indicates the ratio of variance of each variable can be explained by extracted factors, 

0.5 or above was used as a reference value (Hair et al., 1995; Barclay, Higgins & Thompson, 

1995). 

EFA results showed that questionnaires are grouped into six factors, which were 

consistent with the number of variables in this research (PE, EE, SI, trust, perceived risk, 

and acceptance intention). However, PR3 was removed because it was not grouped with 

other questionnaires of perceived risk in the result of Varimax Orthogonal Rotation. In 

addition, PR7 was also removed because its communality was 0.455, which is less than 0.5 

in repeated EFA. In the next EFA, AI4 was removed because it was not grouped with other 

questionnaires of acceptance Intention. As a result of the factor analysis conducted again, 

all the measurement items were grouped as intended. The factor loadings of TR1 was 0.450, 

which is slightly higher than 0.4, but it satisfies the criterion. That of all other items were 

0.5 or above, which also satisfies the criterion. The communality was 0.535 to 0.840, which 

satisfies the criterion of 0.5 or above. KMO (Kaiser-Meyer-Olkin), which indicates sample 

fitness that shows the adequacy of the number of variable and the number of cases by 

identifying partial correlation among variables, usually requires 0.5 or above, and Bartlett, 
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which indicates whether it is appropriate to conduct factor analysis by determining if the 

matrix of correlation coefficients is a diagonal matrix, usually requires p<0.05. If the 

correlation coefficient matrix is a diagonal matrix, it means that the factor analysis is 

inadequate and if p <0.05 is satisfied, it means that correlation coefficient matrix is not a 

diagonal matrix. The KMO value of this research is 0.901, and significant probability of 

Bartlett is 0.000, which means that all the criteria were satisfied. 

 

Table 8. Summary of EFA 

Factor 
Measurement 

Variable 

Factor Analysis 
Reliability 

(Cronbach’s 

α) 

Factor 

Loading 

Comm-

onality 

Eigen 

Value 

Variance 

Explan-

ation (%) 

Performance 

Expectancy 

PE4 .761 .645 

3.701 12.338 .839 

PE2 .749 .615 

PE1 .718 .545 

PE5 .708 .622 

PE3 .696 .645 

Effort 

Expectancy 

EE4 .840 .765 

4.500 15.001 .906 

EE3 .838 .783 

EE2 .801 .710 

EE5 .752 .631 

EE6 .751 .654 

EE1 .748 .622 

Social Influence 

SI2 .781 .718 

3.093 10.308 .831 

SI1 .728 .668 

SI3 .726 .594 

SI5 .618 .622 

SI4 .558 .595 
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Trust 

TR3 .739 .664 

2.751 9.171 .852 

TR6 .724 .675 

TR4 .568 .713 

TR2 .533 .601 

TR5 .527 .635 

TR1 .450 .574 

Perceived Risk 

PR2 .820 .698 

2.942 9.807 .801 

PR1 .800 .697 

PR4 .796 .666 

PR6 .727 .546 

PR5 .541 .535 

PR3 
Removed 

PR7 

Acceptance 

Intention 

AI1 .784 .840 

2.760 9.199 .899 AI2 .734 .761 

AI3 .683 .707 

AI4 Removed 

KMO(Kaiser-Meyer-Olkin) .901 

Bartlett’ Test of Sphericity 
Chi-squre 5804.621 

df(p) 435(.000) 

 

Afterwards, CFA was conducted to evaluate the validity of the measurement model used 

in this study. The validity test was divided into convergent validity, which indicates that the 

correlation coefficient among measurement items which are used to measure the concept 

of same variable needs to be high, and discriminant validity, which indicates that the 

correlation coefficient between measurement items that construct different variables needs 

to be low. 

In the case of convergent validity, standardized regression weights of 0.5 or above are 
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considered standard value (Anderson et al., 1988), and above 0.7 are considered as 

appropriate. At the first analysis, PR5 was removed because the standardized regression 

weight was 0.322. After that, convergent validity analysis was conducted again, and the 

result showed that all the standardized regression weights were over 0.5. In addition, the 

average variance extracted (AVE) value of each variable was at least 0.577, which is higher 

than the reference value of 0.5, and the construct reliability (CR) was at least 0.870, which 

is higher than the reference value of 0.7. The values of C.R. (Critical Ratio), which means 

the t-value, were 3.3 or above, which means p <0.001. Through the result of analysis, the 

validity was verified. 

In the discriminant validity test, the AVE value should be larger than the squared value 

of correlation coefficients. In correlation coefficient analysis results, perceived risk was not 

significantly correlated with other variables. However, all other variables correlated 

significantly at the 0.01 level. After that, the comparison between AVE and the correlation 

coefficient was conducted. The maximum value of all squared correlation coefficients was 

0.561, and the minimum value of AVE was 0.577, which means that the criteria were 

satisfied. In addition, it was confirmed that there was no correlation coefficient value 

including 1 in the Two-Standard Error Interval Estimates. This suggests that the research 

model secures the discriminant validity 

After verifying reliability and validity of the measurement model, a model fit test was 

conducted to verify whether the collected data are suitable for the research model. For this 

test, the values of CMIN/DF, RMR (Root Mean Square Residual), GFI (Goodness of Fit 
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Index), AGFI (Adjusted Goodness of Fit Index), CFI (Comparative Fit Index), TLI (Turker 

Lewis Index), NFI (Normed Fit Index), and RMSEA (Root Mean Square Error of 

Approximation) were verified. The results are as follows: =1.942, p=0.000, 

RMR=0.037, GFI=0.875, AGFI=0.847, NFI=0.882, TLI=0.930, CFI=0.939, 

RMSEA=0.053. Usually the reference value of GFI, AGFI, NFI, TLI, CFI is 0.9. However, 

GFI and AGFI are dependent number of samples (Mulaik et al., 1989). In addition, 

Zikmund (2003) stated that values of CFI and GFI less than 0.9 do not necessarily mean 

that the model has a poor fit because values are close to the preferred value. RMSEA is 

recommended to be less than 0.05, but between 0.05 and 0.08 is considered acceptable 

(Brown & Cudeck, 1993). The value of RMSEA in this measurement model is 0.053, which 

means it is acceptable. This suggests that the measurement model satisfies conditions of 

model fit. 

 

Table 9. Summary of Convergent Validity 

Classification 

Unstandardized 

regression 

weights 

S.E. C.R. 

Standardized 

Regression 

Weights 

AVE 

Construct 

Reliability 

(CR) 

PE5←PE 1 - - 0.774 

0.659 0.905 

PE4←PE .933 0.069 13.56 0.754 

PE3←PE .992 0.071 13.999 0.778 

PE2←PE .858 0.072 11.922 0.670 

PE1←PE .666 0.071 9.349 0.536 

EE6←EE 1 - - 0.738 
0.706 0.935 

EE5←EE 1.001 0.068 14.645 0.705 
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EE4←EE 1.145 0.075 15.17 0.831 

EE3←EE 1.140 0.072 15.839 0.867 

EE2←EE 1.191 0.079 14.989 0.821 

EE1←EE 1.030 0.077 13.391 0.738 

SI5←SI 1 - - 0.773 

0.577 0.870 

SI4←SI 1.126 0.082 13.735 0.790 

SI3←SI 1.033 0.09 11.456 0.647 

SI2←SI .925 0.083 11.186 0.655 

SI1←SI .815 0.084 9.685 0.559 

TR6←TR 1 - - 0.577 

0.600 0.898 

TR5←TR 1.047 0.099 10.594 0.769 

TR4←TR 1.269 0.114 11.116 0.855 

TR3←TR 0.924 0.089 10.331 0.568 

TR2←TR 1.012 0.098 10.335 0.761 

TR1←TR 0.948 0.097 9.795 0.681 

PR6←PR 1 - - 0.579 

0.641 0.875 
PR4←PR 1.307 0.132 9.87 0.747 

PR2←PR 1.46 0.141 10.387 0.846 

PR1←PR 1.223 0.123 9.963 0.760 

AI3←AI 1 - - 0.840 

0.818 0.931 AI2←AI 0.997 0.052 19.319 0.864 

AI1←AI 1.04 0.052 20.157 0.893 

[Model Fit] CMIN/DF: 1.942, GFI: .875, RMR: .037, RMSEA: .053 

              NFI: .882, TLI: .930, CFI: .939, AGFI: .847 

 

Table 10. Correlation and Discriminant Validity 

Classification 
Correlation 

PE EE SI TR PR AI 

Performance 

Expectancy 

(  

.659     
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Effort Expectancy 

(  

.397** 

(.158) 
.706    

 

Social Influence 

(  

.667** 

(.445) 

.433** 

(.187) 
.577   

 

Trust 

(  

.687** 

(.472) 

.603** 

(.364) 

.697** 

(.486) 
.600  

 

Perceived Risk 

(  

.120 

(.014) 

.057 

(.003) 

.125 

(.016) 

-.053 

(.003) 
.641 

 

Acceptance 

Intention 

(  

.583** 

(.340) 

.563** 

(.317) 

.624** 

(.389) 

.742** 

(.551) 

.032 

(.001) 
.818 

*Values on Diagonal are AVE 

 

5.2 Multicollinearity verification through multiple regression 

analysis 

Generally, if the correlation coefficient between independent variables is more than ± 

0.7 and less than ± 0.9, they are highly correlated. It is considered that they are much more 

highly correlated if it is between ± 0.9 and ± 1.0. Although the correlation coefficients of 

variables used in this study are all less than 0.7, there is a possibility that trust has high 

correlations with PE, EE, and SI because their correlation coefficients are 0.687, 0.603, and 

0.697 respectively at the 0.01 significant probability level. In addition, PE and SI also 

showed a relatively high correlation coefficient value of 0.667. Such high correlation 
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problems could emerge from the data collection process of the survey. Since the 

questionnaire used in this study was measured from the same subject in a self-reporting 

manner at the same time, there is a possibility that common method bias may occur, even 

if each question item used in the survey showed validity. This is because method variances 

may have contributed to increasing the correlation between the two variables (Yoo, H. S. 

et al., 2008). Billings & Wroten (1978) pointed out that if two or more variables are 

measured using the same method, the correlation could be greater than the actual 

correlation. Such high correlations can cause a multicollinearity problem. If it exists, the 

assumption of regression analysis that correlation between independent variables should 

not be high may be broken and it can cause problems. To verify the existence of 

multicollinearity, the tolerance limits and variance inflation factors (VIF) were verified 

through multiple regression analyses. Tolerance limits refer to the degree of variance in 

which the selected independent variable is not explained by the other independent variables, 

and the variance inflation factor is related to how much individual independent variables 

are explained by other independent variables (Yoo, H. S. et al., 2008). The variance 

inflation factor and the tolerance limit are inversely proportional to each other. If the 

tolerance limit is more than 0.1, it is assumed that there is no problem of multicollinearity. 

That is, if the value of the variance inflation factor is less than 10, there is no problem of 

multicollinearity. The minimum value of tolerance limit in the result of multiple regression 

analysis was 0.467, and the maximum value of variance inflation factor was 2.143. 

Therefore, it is verified that there is no multicollinearity problem. In addition, the value of 
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Durbin-Watson, which determines the independence of residuals in multiple regression 

analyses, was 1.932. If this value is between 1.5 and 2.5, the residuals are considered 

independent. Therefore, the independence of residuals and no autocorrelation are verified. 

 

Table 11. Verification of Multicollinearity 

Factor 
Statistics value of collinearity 

Tolerance Limit VIF 

Performance Expectancy(PE) 0.660 1.515 

Effort Expectancy(EE) 0.692 1.445 

Social Influence(SI) 0.590 1.696 

Trust(TR) 0.467 2.143 

Perceived Risk(PR) 0.952 1.051 

 

5.3 Results 

 Direct Effect on Acceptance Intention 

To verify the hypotheses of the research model, the structural equation model (SEM) 

was analyzed using AMOS 25.0 software program. SEM is an approach used for 

multivariate analysis to analyze complex relationships among variables (Haile, N., & 

Altmann, J., 2015). The result of analysis of the research model showed that χ2 = 685.483 

(df = 355, p <0.001), which was statistically significant. However, since the chi-square 

value is highly dependent on the size of samples (Hair et al., 2009), it is necessary to 

examine other fitness indices comprehensively. The result was as follows: χ2/df = 1.931, 



48 

 

RMR = 0.037, GFI = 0.876, AGFI = 0.848, NFI = 0.883, TLI = 0.931, CFI = 0.939, and 

RMSEA = 0.053. These values mean that the research model is suitable for hypotheses 

testing. TLI and CFI are above 0.9 and RMR is less than 0.05, which indicates good fitness. 

This study analyzes the relationship between factors influencing the acceptance 

intention to robo-advisors using structural equation modeling and determines that the 

research hypothesis is supported if the significance probability (p) is less than the 

significance level (α = 0.05). This means that it is higher than 1.96 which is the threshold 

of the t statistic (t-value > 1.96). This research confirmed the acceptance intention of robo-

advisors through structural equation analysis. The results are as follows: H1, which 

indicates that performance expectancy will have a positive effect on the acceptance 

intention to robo-advisors, was not supported because t-value is -0.962 (p = 0.336). H2, 

which indicates that effort expectancy will have a positive effect on the acceptance 

intention to robo-advisors, was supported, as the standardized path coefficient was 0.173 

with the t-value of 2.953 (p = 0.003 **). H3, which indicates that social influence will have 

a positive effect on the acceptance intention to robo-advisors, was supported, as the 

standardized path coefficient was 0.159 with the t-value of 2.031 (p = 0.042 **). H4, which 

indicates that perceived risk will have a negative effect on acceptance intention to robo-

advisors was not supported as t-value was 0.273 (p = 0.785), indicating that it has no 

significant effect on acceptance intention to robo-advisors. H5, which indicates that trust 

will have a positive effect on the acceptance intention to robo-advisors, was supported, as 

the standardized path coefficient was 0.482 with the t value of 4.691 (p = 0.000 ***). 
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 Mediating Effect of Trust 

For verifying mediating effect, Baron and Kenny (1986) suggest some conditions for 

the existence of mediating effect as follows: First, independent variables have a significant 

effect on dependent variables. Second, independent variables have a significant effect on 

mediator variables. Third, mediator variables have a significant effect on dependent 

variables. Fourth, the effect of independent variables disappears or decreases when 

mediator variables are controlled. This method has been so influential that it has been cited 

more than 45,000 times since it investigated in detail how to verify the mediating effect 

(Lee, H. E., 2014). However, there is a problem that this method does not calculate the 

magnitude of the mediating effect itself but is an indirect method of verifying its statistical 

significance after calculating other values (Hayes, 2013). In addition, there is a possibility 

of making errors because this method has to verify three null hypotheses, and some 

opinions state that it is not precise because the assumption that independent variables have 

to significantly affect dependent variables is wrong (Lee, H. E., 2014). The Sobel Test, 

another method for verifying the mediating effect, is a more advanced method than the 

method suggested by Baron & Kenny's, because it calculates the magnitude of mediating 

effect directly and simply (Lee, H. E., 2014). However, this method has the disadvantage 

that it does not capture the mediating effect properly because it assumes that the sample is 

in a normal distribution. Bootstrapping is a method for verifying mediating effect used in 

many researches recently to overcome these drawbacks. Bootstrapping is a nonparametric 

method to verify the magnitude of effect or hypothesis. It has the advantage of verifying 
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mediating effect in that it does not make any assumptions about the sample distribution 

(Efron & Tibshirani, 1993; Lee, H. E., 2014). This method considers the sample as a 

reduced group and repeatedly extracts a sample that has the same size, and then calculates 

the standard error through the estimated mean and standard deviations (Shrout & Bolger, 

2002). This method has been widely used recently since it is highly dependent on 

computers (Lee, H. E., 2014). Therefore, the bootstrapping method was used to analyze the 

mediating effect in this research. The significance of the mediating effect is judged by 

whether or not 0 is included in the confidence interval of 95% or 99% in the sampling 

distribution, corresponding to the indirect effect. If 0 is not included in the confidence 

interval, it is judged that the mediating effect is significant at the significance level (p <0.05 

for 95% confidence interval, p <0.01 for 99% confidence interval) (Shrout & Bolger, 2002). 

This means rejecting null hypotheses that there is no mediating effect. In this research, 500 

bootstrap samples were assigned for the analysis of mediating effect, and the confidence 

interval was estimated using the bias-corrected percentile method in the 95% confidence 

interval. The results are shown in <Table12> and hypothesis test result is as follows. 

The mediating effect of trust was verified in the relationship between performance 

expectancy and acceptance intention to robo-advisors. The magnitude of indirect effect was 

0.168 (p = 0.002**). At the 95% confidence level, the lower limit of the confidence interval 

was 0.082, and the upper limit was 0.274. The value of 0 was not included in the confidence 

interval, so the significance of the mediating effect was confirmed. Therefore, H6a, that 

trust would mediate the relationship between performance expectancy and acceptance 
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intention to robo-advisors was supported. 

The mediating effect of trust was verified in relationship between effort expectancy and 

acceptance intention to robo-advisors. The magnitude of indirect effect was 0.156 (p = 

0.002**). At the 95% confidence level, the lower limit of the confidence interval was 0.082 

and the upper limit was 0.274. 0 was not included in confidence interval, so the significance 

of mediating effect was confirmed. Therefore, H6b, that trust would mediate the 

relationship between effort expectancy and acceptance intention to robo-advisors was 

supported. 

The mediating effect of trust was verified in relationship between social influence and 

acceptance intention to robo-advisors. The magnitude of indirect effect was 0.169 (p = 

0.003**). At the 95% confidence level, the lower limit of the confidence interval was 0.081 

and the upper limit was 0.291. 0 was not included in confidence interval, so the significance 

of mediating effect was confirmed. Therefore, H6c, that trust would mediate the 

relationship between social influence and acceptance intention to robo-advisors was 

supported. 

The mediating effect of trust was verified in relationship between perceived risk and 

acceptance intention to robo-advisors. The magnitude of indirect effect was -0.069 (p = 

0.001**). At the 95% confidence level, the lower limit of the confidence interval was -

0.141 and the upper limit was -0.030. 0 was not included in confidence interval, so the 

significance of mediating effect was confirmed. Therefore, H6d, that trust would mediate 

the relationship between perceived risk and acceptance intention to robo-advisors was 
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supported. 

 

 

Figure 6. SEM Result - Direct & Indirect Effect 

 

Table 12. Result of Mediating Effect 

Path 

(with Trust as Mediator) 

Total Effect 

(Direct, Indirect) 
S.E 

95% Confidence 

Interval 

lower upper 

Performance Expectancy → 

Acceptance Intention 

.241 

(.073, .168**) 
.052 .080 .297 

Effort Expectancy 

→ Acceptance Intention 

.329** 

(.173**, .156**) 
.044 .082 .274 

Social Influence 

→ Acceptance Intention 

.327** 

(.159, .169**) 
.050 .081 .291 

Perceived Risk 

→ Acceptance Intention 

-.056 

(.013, -.069**) 
.026 -.141 -.030 
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 Moderating Effect of Age and Gender 

<Table13> and <Table14> shows the results of the hypothesis test that age and gender 

will act as moderators between performance expectancy, effort expectancy, social influence, 

trust, perceived risk and acceptance intention. A multiple-group comparative analysis was 

conducted using AMOS 25.0 for moderating effect analysis. For the analysis, the path 

coefficients between the two groups are constrained in the structural equation analysis 

process. In other words, it analyzes whether there is a significant difference in the path 

coefficients between two models, one is constrained and another one is not. AMOS 25.0 

was used to analyze the significance of chi-square differences between the two models.  

For the test of moderating effect of age, respondents were divided into two groups based 

on the age of 40. In other words, people in their 20s and 30s (younger group) were in the 

same group, and those in their 40s, 50s and 60s (older group) were in the same group to 

verify whether there was a significant difference in the acceptance intention to robo-

advisors between the two groups. In case of the unconstrained model, χ2/df = 1.635, RMR 

= 0.043, GFI = 0.813, AGFI = 0.771, NFI = 0.821, TLI = 0.909, CFI = 0.921, RMSEA = 

0.044. and in the case of constrained model, χ2/df = 1.637, RMR = 0.043, GFI = 0.812, 

AGFI = 0.771, NFI = 0.820, TLI = 0.909, CFI = 0.920, and RMSEA = 0.044. Therefore, 

all the values of model fit are suitable. After that, hypothesis test was conducted. In the test, 

the difference of chi-square (Δ𝜒2) in each path was used. If the value is larger than 1.96, it 

means that the moderate effect exists in that path. The test results are as follows: 

In the path of performance expectancy to acceptance intention, the magnitude of 



54 

 

influence of the older group (β=.165, t=1.879) was higher than that of the younger group 

(β=-.052, t=-.405). However, it was not significantly different according to the value of 

Δ𝜒2. Therefore, H7a, that the relationship between performance expectancy and acceptance 

intention to robo-advisors will be moderated by age was not supported. 

In the path of effort expectancy to acceptance intention, the magnitude of influence of 

the older group (β=.254, t=3.025) was higher than that of the younger group (β=.144, 

t=1.761). However, it was not significantly different according to the value of Δ𝜒2 . 

Therefore, H7b, that the relationships between effort expectancy and acceptance intention 

to robo-advisors will be moderated by age was not supported. 

In the path of social influence to acceptance intention, the magnitude of influence of 

the older group (β=.367, t=3.113) was higher than that of the younger group (β=.083, 

t=.781), and it was significantly different according to the value of Δ𝜒2. Therefore, H7c, 

that the relationships between social influence and acceptance intention to robo-advisors 

will be moderated by age was supported. 

In the path of perceived risk to acceptance intention, the magnitude of influence of the 

younger group (β=0.050, t=.746) was higher than that of the older group (β=-.038, t=-.636). 

However, it was not significantly different according to the value of Δ𝜒2. Therefore, H7d, 

that the relationships between perceived risk and acceptance intention to robo-advisors will 

be moderated by age was not supported. 

In the path of trust to acceptance intention, the magnitude of influence of the younger 

group (β=0.613, t=3.823) was higher than that of the older group(β=.207, t=1.427), and it 
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was not significantly different according to the value of Δ𝜒2. Therefore, H8e, that the 

relationship between trust and acceptance intention to robo-advisors will be moderated by 

age was supported. 

 

Table 13. Results of Moderating Effect of Age 

Path 
20s, 30s (younger) 40s, 50s, 60s (older) 

Δ𝜒2 
Hypothesis 

β 𝑡(𝑆𝑖𝑔. ) β 𝑡(𝑆𝑖𝑔. ) 

PE→AI -0.052 -0.405 0.165 1.879 1.503 Not-Supported 

EE→AI 0.144 1.761 0.254 3.025 0.778 Not-Supported 

SI→AI 0.083 0.781 0.367 3.113 2.116 Supported 

PR→AI 0.050 0.746 -0.038 -0.636 -0.98 Not-Supported 

TR→AI 0.613*** 3.823 0.207 1.427 -2.021 Supported 

 

In the case of gender, it can be divided into two groups, male and female. Prior to the 

test of moderate effect of gender, model fit was verified. In the case of an unconstrained 

model, χ2/df = 1.607, RMR = 0.044, GFI = 0.814, AGFI = 0.772, NFI = 0.821, TLI = 0.912, 

CFI = 0.923, and RMSEA = 0.043. In the case of a constrained model, χ2/df = 1.619, RMR 

= 0.045, GFI = 0.811, AGFI = 0.770, NFI = 0.819, TLI = 0.910, CFI = 0.921, and RMSEA 

= 0.043. Therefore, all the values of model fit are suitable. After that, hypothesis test was 

conducted. The test results are as follows:  

In the path of performance expectancy to acceptance intention, the magnitude of 

influence of males (β=.223, t=1.930) was higher than that of females (β=-.142, t=-1.391), 

and it was significantly different according to the value of Δ𝜒2. Therefore, H8a, that the 
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relationship between performance expectancy and acceptance intention to robo-advisors 

will be moderated by age was supported. 

In the path of effort expectancy to acceptance intention, the magnitude of influence of 

females (β=-.236, t=-3.283) was higher than that of males (β=.096, t=0.984). However, it 

was not significantly different according to the value of Δ𝜒2. Therefore, H8b, that the 

relationship between effort expectancy and acceptance intention to robo-advisors will be 

moderated by age was not supported. 

In the path of social influence to acceptance intention, the magnitude of influence of 

females (β=-.302, t=2.966) was higher than that of males (β=.029, t=0.256). However, it 

was not significantly different according to the value of Δ𝜒2. Therefore, H8c, that the 

relationship between social influence and acceptance intention to robo-advisors will be 

moderated by age was not supported. 

In the path of perceived risk to acceptance intention, the magnitude of influence of 

males (β=0.143, t=1.843) was higher than that of females (β=-.11, t=-1.819), and it was 

significantly different according to the value of Δ𝜒2. Therefore, H8d, that the relationship 

between perceived risk and acceptance intention to robo-advisors will be moderated by age 

was supported. 

In the path of trust to acceptance intention, the magnitude of influence of females 

(β=0.538, t=4.296) was higher than that of males (β=.490, t=2.883), however, it was not 

significantly different according to the value of Δ𝜒2. Therefore, H8e, that the relationship 

between trust and acceptance intention to robo-advisors will be moderated by age was not 
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supported. 

 

Table 14. Results of Moderating Effect of Gender 

Path 
Male Female 

Δ𝜒2 
Hypothesis 

β 𝑡(𝑆𝑖𝑔. ) β 𝑡(𝑆𝑖𝑔. ) 

PE→AI 0.223 1.930 -0.142 -1.391 -2.363 Supported 

EE→AI 0.096 0.984 0.236** 3.283 0.976 Not-Supported 

SI→AI 0.029 0.256 0.302** 2.966 1.739 Not-Supported 

PR→AI 0.143 1.843 -0.11 -1.819 -2.578 Supported 

TR→AI 0.490** 2.883 0.538** 4.296 0.083 Not-supported 
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Chapter 6. Conclusion 

6.1 Summary of Research and Implications 

This study aims to contribute to the vitalization of investment advisory services for 

individual investors, thanks to the advancement of IT. Therefore, the purpose of this 

research is to investigate factors affecting the acceptance intention of investors to robo-

advisors, which can be useful for individual investors in the financial product investment 

market. For this research, UTAUT, which is widely used in acceptance intention research 

for new technology, was used. Among variables that Venkatesh et al. (2003) suggested, FC 

was extracted and PE, EE and SI were used. In addition, two factors, trust and perceived 

risk, were added, considering previous researches and the characteristic that robo-advisory 

services are directly related to financial products. The research was divided into three parts. 

First, analysis of direct effects of each variable on acceptance intention; Second, indirect 

effect (mediating effect) using trust as a mediator; Third, analysis of moderation effect 

using age and gender as moderators. Through this research, it is intended to contribute to 

creating strategies to attract new customers to the robo-advisory market. 

The results of analyzing the factors affecting the acceptance intention to robo-advisors 

using the research model are as follows: Effort expectancy, social influence, and trust were 

found to have a significant direct effect on the acceptance intention to robo-advisory 

services. Performance expectancy and perceived risk were found not to have a significant 

direct effect on acceptance intention. This means that the easier it is to use robo-advisory 
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services, the more will be the intent to use it, individuals can be influenced by other people, 

and higher trust will positively affect acceptance intention. In the case of indirect effects 

using trust as mediator, performance expectancy, effort expectancy, social influence, and 

perceived risk all significantly affect acceptance intention. Performance expectancy and 

perceived risk have no direct impact on acceptance intention. However, they affect the trust 

of robo-advisory services. In other words, improving the performance of robo-advisors in 

asset management services does not direct affect acceptance intention, but it can affect the 

enhancement of trust. Likewise, factors such as leakage of personal information, hacking 

attacks, and investment failures that can occur in the process of usage of robo-advisors do 

not directly affect the use intent, but they affect trust. 

Based on these results, practical implications for the acceptance intention to robo-

advisory services are as follows: First, the significant effect of effort expectancy means that 

the easier it is to use robo-advisors, the more positive influence there is on the acceptance 

intention. Also, effort expectancy has a significant effect on trust. This is consistent with 

the results of the research of Gefen & Straub (2003). Gefen & Straub (2003) found that the 

easier a website is to use for online shopping, the more positively it affects the user’s trust. 

Chung, H. C. et al. (2017) also proved that trust has a mediating effect between effort 

expectancy and acceptance intention. Likewise, if using robo-advisory services is easy, it 

will lead to the improvement of trust in the service. People are not familiar with robo-

advisors yet. If they face difficulties in using robo-advisory services, it will have a negative 

impact on the intent to use. Currently, firms offering robo-advisory services conduct 
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surveys in order to determine the user's tendency and investment objectives in future for 

use. The surveys are simple enough to be completed quickly and companies continue to 

rebalance portfolios to encourage users to follow the service easily. Service providers need 

to strengthen these aspects. If the survey needs to use difficult words in the questionnaire, 

it will need to add additional explanations or choose words that are easy to understand. As 

the experience of the provision of service accumulates, it is necessary to select the best 

items to grasp the tendency of customers, and to strengthen the service so that the number 

of questions can be reduced and the survey time shortened. Also, robo-advisory services 

are mainly provided on mobile screens, which have a limited area. In such a limited 

environment, it is necessary to make the display configuration as simple as possible so that 

the user intuitively understands the service process. If the mobile display configuration for 

a robo-advisor is composed of more information and menus than necessary, it is expected 

that users may face difficulties and reconsider usage. Considering this aspect, if the display 

is configured simply so that users feel the ease of use, it will lead to an increase in trust of 

service, and ultimately, an increase in actual usage. 

Social influence has both significantly direct and indirect effects on the acceptance 

intention to robo-advisory services. This means that important other people around users 

have a significant influence on using robo-advisors. If the number of people who use robo-

advisor increases, it can affect the acceptance intention to robo-advisors. Considering this, 

a person hesitating to use robo-advisors might decide to use it because of the fact that 

someone they know is using it. Therefore, it would be advantageous for service providers 
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to select individuals who have even a little interest in investment, than those who do not 

have any interest in investment. This way, service providers might attract more new 

customers with relatively less effort thanks to those who have even a slight interest in 

investment. In addition, targeting individuals who are willing to accept new technologies 

and services may have the same effect. In particular, the results of the analysis show that 

the magnitude of the indirect effect of trust with social influence was the highest. Service 

providers need to pay attention to this fact. If a person who has been hesitant about using 

robo-advisory services observes other people using it, it will have a positive impact on their 

trust. This can be applied to attracting new customers. 

Another factor influencing the acceptance intention to robo-advisors is trust, which has 

been found to be the most influential factor among the factors that have significant direct 

effect. In this research, a survey was conducted considering the fact that robo-advisors will 

provide its service focusing on the original purpose of customers’ asset management. Kim, 

Y. J. et al. (2018) argued that this should be accompanied by trust to increase the acceptance 

intention, considering the characteristics of financial services. In this context, it shows that 

trust is the most important factor in using robo-advisory services. Robo-advisors provide 

optimized portfolios to individual customers using surveys. Publicizing to customers what 

kinds of technology are utilized, and how this technology operates, would contribute to 

increasing their understanding and trust. To create such a portfolio, we must concentrate on 

enhancing customers’ understanding of the services by promoting what technical factors 

are used, and how it is used to provide the services. In addition, personal information 



62 

 

collected by surveys should be used in accordance with the original purpose of asset 

management. If customers’ personal information is used for purposes other than asset 

management, which is the original purpose of robo-advisors, this could have negative 

effects on customers’ trust in the service provider. 

On the other hand, performance expectancy and perceived risk did not have a significant 

effect on acceptance intention. The original purpose of robo-advisors is to manage 

customers’ assets according to the individual’s propensity to investment. High rates of 

return is not the primary purpose. However, it is difficult to say that financial products have 

no effect on users, because one of their purposes is to increase assets. Technologies that 

utilize AI need to show the effect of learning based on various amounts of data. However, 

the domestic robo-advisory market is not showing a satisfactory rate of return for customers 

because not enough time has passed since the introduction of robo-advisory services. This 

fact was stated in the introduction of the survey. In addition, in the case of past performance 

of robo-advisors in the Korean market, it showed better performance in a bear market than 

that in a bull market. In the bull market, PB performance was better than that of robo-

advisors, and they showed better results. This is because of the nature of robo-advisors, 

which pursue stability through asset allocation. In the financial industry, it is expected to 

show improved investment performance if it has enough data to learn from over a period 

of time. Considering this point, it seems that the performance aspect of robo-advisors does 

not have a significant effect on users yet. However, the indirect effect of performance 

expectancy on trust is significant. Therefore, service providers need to keep investing in 
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improving the performance of their solutions. 

It was found that perceived risk does not significantly affect acceptance intention. This 

means that threats such as information leakage and hacking are not factors that directly 

affect acceptance intention. This risk factor however, has been proven to negatively affect 

trust, and ultimately, acceptance intention. Robo-advisors offer a kind of financial service 

that deals with customers’ assets. Services that manage assets for asset growth are important, 

but protecting assets from external threats is also important. Choi, H., & Choi, Y. J. (2016) 

subdivided perceived risk into privacy risk, performance risk, psychological risk, and time 

risk. They found that all of these, with the exception of performance risk, negatively affect 

trust, which is a mediator. The result of this research was also consistent with these findings, 

indicating that perceived risk has a negative effect on trust. Although perceived risk does 

not directly affect acceptance intention, service providers need to invest in security 

technologies to ensure that customers feel psychologically stable to attract new customers 

and continuous use. 

In addition to direct and indirect effects on the acceptance intention of robo-advisors, it 

was expected that an individual's characteristics will affect acceptance intention. Therefore, 

users’ ages and genders were used as moderators. The test results showed that moderate 

effect of age exists in the path of social influence to acceptance intention and trust to 

acceptance intention. The magnitude of moderate effect was higher in the older group in 

the path of social influence to acceptance intention, and in the younger group in the path of 

trust to acceptance intention. This means that older individuals are more likely to be 
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influenced by other people than younger people. Therefore, service providers need to target 

individuals in the older group who are interested in investments and willing to use new 

technologies, because they in turn are likely to influence non-users. Considering the fact 

that younger people are more likely to be influenced by trust, service providers need to 

focus on good advertising to young people. For this, advertisements need to reflect recent 

trends so that young people will accept it easily. Moreover, the moderate effect of gender 

on performance expectancy and perceived risk was proven, and the magnitude of males 

was higher in both cases. Service providers can use this finding efficiently when explaining 

their services to new customers. 

A survey to the public was conducted with the aim of popularizing investment advisory 

services. Based on the results of this research, service providers of robo-advisors will be 

able to indirectly know how to attract individuals who are interested in financial product 

investment. The robo-advisory market in advanced countries such as United States of 

America has already grown a lot because the service was introduced early. However, the 

robo-advisory market in Korea is still in the early stages since it has only been in service 

for about two or three years. Financial institutions such as banks, want to expand their robo-

advisory services because of lower maintenance costs and lower commissions, based on 

the characteristics that it provides services based on algorithms. However, it is true that the 

general public still shows little interest. Even though investment advisory services, which 

have been regarded as services available only for wealthy people, has become accessible 

for anyone to use, it shows limitations in growth because the market is small. This study 
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analyzed the factors influencing the acceptance intention to robo-advisory services. It is 

expected that the research results will be utilized in marketing and setting up service 

strategies in the robo-advisory industry, and ultimately contribute to the popularization of 

the services in the market. In particular, it may be helpful to establish detailed strategies 

based on gender and age information. 

 

6.2 Limitations and Future Research Directions 

  Performance expectancy did not significantly affect acceptance intention. However, 

considering the fact that the performance of robo-advisors is relatively low currently, if the 

learning experience increases and the rate of return improves, there is a possibility that the 

effect of performance expectancy may change to a factor that significantly affects 

acceptance intention. Therefore, after the growth of the market, it is necessary to analyze 

the factors affecting acceptance intention again. In addition, this research extracted 

facilitating condition, which directly affects actual use, because this research focuses on 

acceptance intention. Therefore, after the market is fully activated, research needs to be 

conducted again and include those who actually use the robo-advisory service in the survey 

to analyze the factors affecting actual use. 

This research also analyzed the moderating effects of gender and age, which were 

conducted only for factors that directly affect acceptance intention. In future, it is expected 

that more efficient strategies can be suggested if it examines whether there are significant 

differences in mediating effects by moderators. 
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 Appendix 1: Survey Sheet  

설 문 지 

  안녕하십니까. 

  본 설문은 로보어드바이저(Robo-Advisor) 서비스에 대해 사용자의 수용 요인을 연구하기 위하여 실시하는 

설문조사입니다. 귀하의 답변은 연구 목적 외에는 사용되지 않을 것이며 통계법 33조에 의거하여 비밀은 철저

하게 보장 될 것입니다. 덧붙여, 추후 금융업계의 자산관리 서비스 대중화 등에 유용하게 사용될 수 있사오니 

한 문항도 빠짐없이 충실하게 답변해 주실 것을 부탁드립니다. 시간을 할애하여 설문 작성에 협조하여 주시어 

감사합니다. 

 

Part 1. 다음은 설문에 응답하기 위하여 필요한 사전지식 입니다. 정확한 설문을 위하여 질문에 대한 응답에 

앞서 아래 내용을 읽어주십시오. 

로보어드

바이저

(Robo-

Advisor)

의 개념 

설

명 

  로보어드바이저(Robo-Advisor)는 자동화 된 알고리즘을 뜻하는 로봇(Robot)과 포트폴리오 

구성 서비스를 제공하는 어드바이저(Advisor)의 합성어이며, 온라인으로 고객의 포트폴리오를 

관리해주는 재무적 자문서비스를 지칭합니다. 그동안은 교육을 받은 프라이빗 뱅커(Private 

Banker, 이하 PB)로 불리는 전문가가 고액자산가를 대상으로 자산 관리 서비스를 진행 해 왔

습니다. 그러나 로보어드바이저의 등장으로 소액 투자자들도 PC, 스마트폰 등 접속 가능한 기

기만 있으면 언제 어디서나 자산관리 서비스를 이용할 수 있게 되었습니다. KEB하나은행 하

이로보센터은 2018년 한국의 로보어드바이저 시장 규모가 1조원에서 2020년에는 5조원, 

2025년에는 30조원으로 급증할 것으로 예상했습니다. 

  로보어드바이저 서비스 가입 시 투자자는 미리 준비 된 질문에 답변을 입력하도록 합니다. 

이를 통해 투자 목적과 나이, 연소득, 자산 규모, 투자 기간, 투자 경험, 손실 감내도 등을 파

악합니다. 또한 전 세계에서 주식, 기업 분석, 경제 지표, 석유 가격 등의 데이터를 수집하고 

인공지능 알고리즘이 빅데이터 분석을 진행하여 고객에게 최적화 된 자산 분배 포트폴리오(글

로벌 주식 및 채권 등으로 구성)를 제시 해 줍니다. 추천 된 포트폴리오대로 투자가 이루어진 

후에도 지속적으로 시장 상황을 모니터링하고 이를 반영하여 포트폴리오 구성을 조정(리밸런

싱)합니다. 국내에서는 2016년 첫 선을 보였지만 빅데이터를 구축하기 위한 시기가 짧아 기대

에 미치지 못하는 성과를 보이면서 투자자들에게 외면 받아왔습니다. 하지만 낮은 수수료, 운
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용 비용과 더불어 비대면 일임 서비스 허용 등 규제 완화에 힘입어 본격적으로 시장이 활성화 

되기 시작하고 있습니다. 

  서비스는 포트폴리오를 제시하고 투자자의 의사 결정에 따라 자산을 운용하는 “자문형”과 

투자자로부터 전권을 부여 받아 로보어드바이저가 직접 자산을 운용하는 “일임형”으로 구분 

됩니다. 그동안은 비대면 일임 서비스에 대한 규제 때문에 1, 2단계의 서비스만 제공 가능했으

나, 지난 6월 29일 ‘금융투자업규정’ 개정을 통해 영상통화로 서비스 설명 의무를 이행하거나, 

자기자본 40억원 이상의 투자일임업자가 로보어드바이저를 활용해 온라인 등으로 설명의무를 

이행하는 조건으로 규제를 완화하여 시장 활성화의 길이 열렸습니다. 

 

 

1단계 

(고객 자문형) 

자문 인력이 로보어드바이저의 자산배분 결과를 활용하여 고객

에게 자문 

2단계 

(금융회사 일임형) 

운용 인력이 프로그램의 자산배분 결과를 활용하여 고객 자산

을 직접 운용 

3단계 

(고객 자문형) 

로보어드바이저가 사람의 개입 없이 자산 배분 결과를 고객에

게 자문 

4단계 

(금융회사 일임형) 
로보어드바이저가 사람의 개입 없이 고객 자산을 직접 운용 

표 1 로보어드바이저 서비스 유형 (출처 : 금융위원회, 금융상품 자문업 활성화 방안, 

2016.3.24) 

 

다음 보여드리는 그림들은 현재 실제 서비스중인 하나은행이 제공하는 ‘하이로보’의 실제 서

비스 신청 과정입니다. 
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Step 1. 질의 응답을 통해 투자자의 성향 조사 
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Step2. 고객의 투자성향 확정 
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Step3. 고객의 투자 스타일, 금액, 목표 및 기간 설정 
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Step4. 고객에게 최적화 된 포트폴리오 제안 

 

  위와 같은 과정을 거쳐 로보어드바이저 서비스 신청을 하면 최적화 된 포트폴리오를 제공 

받을 수 있습니다. 제시 된 포트폴리오에 따라 고객이 상품을 선택하여 직접 투자하거나 ‘일

임형’인 경우 서비스 제공사에서 포트폴리오에 맞춰 직접 자산을 운용해 줍니다. 이후 시장 

상황, 투자 성과 등을 모니터링하여 포트폴리오를 수정하는 ‘리밸런싱’을 통해 지속적인 맞춤

형 서비스를 제공합니다. 
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Figure 1 로보어드바이저 서비스 절차 (출처 : 금융보안원, 국내외 로보어드바이저 

동향 및 현황 분석, 2016.04) 

  

구분 로보어드바이저 프라이빗 뱅커(PB) 

채널 온라인 (비대면) 대면 접촉 

주요 고객 일반 투자자 고액 자산가 

투자금액 소액 (최소 10만원 선) 고액 

비용 낮은 수수료(0.15%~0.89%)  수수료 평균 1% 이상 

이용 시간 24시간 정규 업무시간(주로 9:00 ~ 16:00) 

경쟁력 편리한 접근성, 저비용 전담 인력에 의한 포괄적 투자자문 

서비스 

프로세스 

- 온라인 질문을 통해 투자성향   

  판별 

- 자산배분 자동 리밸런싱 

- 계좌 관리 

- 심도 있는 개별 면담과 재무설계   

  로 포트폴리오 제공,  

- 전담인력과의 면담을 통한 주기 

  적 점검 

제공 

서비스 
자산배분 중심 투자전략 각종 재무설계 등 광범위 조언 

투자상품 주로 Passive1 상품 Passive & Active2 상품 포괄 

                                            
1 코스피200, 코스닥150 등 대표주가지수로 구성된 펀드 상품 
2 시장 수익률을 초과하는 수익을 올리기 위해 펀드매니저가 적극적으로 시장이나 종목의 가격

을 예측하여 매수, 매도하는 펀드 
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표 2 로보어드바이저와 PB의 비교 (출처 : IBK 기업은행, 로보어드바이저에 관한 

오해와 진실, 2016.08) 

로보어드

바이저의 

장/단점 

장

점 

① 시간과 공간에 제약 없이 사용할 수 있는 높은 접근성 

② 데이터를 통한 객관적인 포트폴리오 제시 

③ 인건비 절약에 따른 자산 관리의 대중화 가능 

④ 저렴한 수수료 

⑤ 저비용으로도 투자 가능 

단

점 

① 빅데이터에 기반하기 때문에 심리적 요인 등 예기치 못한 움직임에 대응이 힘듦 

② 투자 실패 시 책임 문제의 발생 가능성 존재 

③ 알고리즘 해킹과 같은 데이터 보안 문제 및 개인정보 유출 가능성 존재 

④ 시장 경쟁이 심화될 경우 서비스 제공업체의 이익을 우선한 임의적인 포트폴리오를 제공하

는 불완전 판매의 가능성 존재 

 

 

 

 

Part 2. 지금부터 로보어드바이저 서비스의 사용자 인식과 관련된 질문이 제시됩니다. 본 설문의 문항은 ‘전혀 

그렇지 않다’부터 ‘매우 그렇다’ 사이의 5점 척도에 근거하여 구성되어 있습니다. 다음의 각 문항에 대하여 

귀하의 견해와 일치하는 번호에 체크하여 주십시오. 

 

 다음은 로보어드바이저 서비스 사용의 예상되는 성과(Performance)에 관한 질문입니다. 

(①  전혀 그렇지 않다 ② 그렇지 않다 ③ 보통 ④ 그렇다 ⑤ 매우 그렇다) 

로보어드바이저는 인간보다 자산관리에 뛰어난 성과를 보인다(보일 것이다) 

Robo-Advisors (will) outperforms human in asset management than humans 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저를 사용하면 나 스스로 자산관리 하는 것보다 성과가 좋을 것이다 

Using Robo-Advisor service would do better in performance than managing assets myself. 
① -- ② -- ③ -- ④ -- ⑤ 

나는 로보어드바이저를 통해 자산관리 목표를 더 빨리 달성할 수 있을 것이다 

I will be able to achieve my asset management goals faster through a robotic advisor. 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스는 나의 자산관리 효율성을 높이는데 도움이 될 것이다 

Robo-Advisor service will help me improve my asset management efficiency 
① -- ② -- ③ -- ④ -- ⑤ 
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로보어드바이저 서비스를 사용하면 전과 같은 노력으로도 더 나은 성과를 거둘 수 있을 것

이다 

Robo-Advisor services will help me achieve better results with the same effort as before. 

① -- ② -- ③ -- ④ -- ⑤ 

 

다음은 로보어드바이저 서비스의 사용에 있어서 예상되는 노력(Effort)에 관한 질문입니다. 

(① 전혀 그렇지 않다 ② 그렇지 않다 ③ 보통 ④ 그렇다 ⑤ 매우 그렇다) 

로보어드바이저를 사용하는 것은 쉽다(쉬울 것이다) 

Using RoboAdvisor is easy (it will be easy) 
① -- ② -- ③ -- ④ -- ⑤ 

나는 로보어드바이저 서비스를 이용하는 과정을 명확하게 이해할 수 있다(있을 것이다) 

I can(will be able to) clearly understand the process of using the Robo-Advisor service 
① -- ② -- ③ -- ④ -- ⑤ 

나는 로보어드바이저 서비스 사용법을 쉽게 배울 수 있다(있을 것이다) 

I can(will be able to) easily learn how to use the Robo-Advisor service 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스 사용에 능숙해 지는 것은 쉽다(쉬울 것이다) 

Being proficient at using Robo-Advisor services is easy (it will be easy) 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스를 사용하는데 조금의 시간만 투자하면 된다(될 것이다) 

Just spending a little time is(will be) enough to use Robo-Advisor service 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저를 내가 원하는 대로 작동하게 하는 것은 쉽다(쉬울 것이다) 

It is easy (will be easy) to make the Robo-Advisor work as I want  
① -- ② -- ③ -- ④ -- ⑤ 

 

다음은 로보어드바이저 서비스의 사용에 관하여 다른 사람의 생각(Social Influence)에 관한 질문입니다. 

(① 전혀 그렇지 않다 ② 그렇지 않다 ③ 보통 ④ 그렇다 ⑤ 매우 그렇다) 

나에게 중요한 주변사람들은 내가 로보어드바이저를 이용해야 한다고 생각 할 것이다 

People who are important to me will think I should use Robo-Advisor 
① -- ② -- ③ -- ④ -- ⑤ 

나의 행동에 영향을 끼치는 사람들은 내가 로보어드바이저를 이용해야 한다고 생각 할 것

이다 

Those who influence my behavior will think I should use Robo-Advisor 

① -- ② -- ③ -- ④ -- ⑤ 

나는 주변 사람들이 로보어드바이저를 사용하기 때문에(사용한다면) 나도 사용한다(할 것

이다) 

I will use Robo-Advisor if(because) other people use Robo-Advisor 

① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스 사용자들은 비사용 투자자들보다 자산 관리에 자신감이 있다(있을 

것이다) 
① -- ② -- ③ -- ④ -- ⑤ 
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Robot adviser service users are more confident in asset management than there are non-

investors 

로보어드바이저 서비스 사용자들은 비사용 투자자들이 서비스를 사용하도록 하는데 영향을 

미칠 것이다 

Robo-Advisor service users will affect the non-users to use it 

① -- ② -- ③ -- ④ -- ⑤ 

 

 

다음은 로보어드바이저 서비스의 신뢰도(Trsut)에 관한 질문입니다. 

(① 전혀 그렇지 않다 ② 그렇지 않다 ③ 보통 ④ 그렇다 ⑤ 매우 그렇다) 

나는 로보어드바이저가 포트폴리오를 생성하는데 사용한 분석방법을 신뢰한다 

I trust the analytics that Robo Advisor used to create the portfolio 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스는 나의 자산을 안정적으로 관리 해 줄 것이다 

Robo-Advisor service will manage my assets stably 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스 제공업체는 나의 개인 정보를 자산 관리를 위해서만 사용 할 것이

다 

Robo-Advisor service provider will use my personal information only for asset management 

① -- ② -- ③ -- ④ -- ⑤ 

나는 대체적으로 로보어드바이저 서비스를 신뢰한다 

I generally trust the Robo-Advisor service. 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저는 포트폴리오를 나에게 맞게 지속적으로 관리 해 줄 것이다 

Robo-Advisor will manage my portfolio in accordance with my goal 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저는 서비스 제공사의 수익보다 나의 자산 운영을 우선시 할 것이다 

Robo-Advisor will prioritize managing my asset over the service provider's revenue 
① -- ② -- ③ -- ④ -- ⑤ 

 

다음은 로보어드바이저 서비스의 위험 인식(Perceived Risk)에 관한 질문입니다. 

(① 전혀 그렇지 않다 ② 그렇지 않다 ③ 보통 ④ 그렇다 ⑤ 매우 그렇다) 

나는 로보어드바이저를 사용함으로써 나의 개인정보가 유출 될 가능성이 있다고 생각한다 

I think my personal information could be leaked if I Robo-Advisor 
① -- ② -- ③ -- ④ -- ⑤ 

나는 로보어드바이저 서비스를 사용하다가 해킹 등의 공격으로부터 자산이 위협을 받을까 

걱정된다 

I am worried about the assets being threatened by attacks such as hacking while using Robo-

Advisor service 

① -- ② -- ③ -- ④ -- ⑤ 
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로보어드바이저를 통해 기대하는 성과를 위해서는 투자 손해를 감수해야 한다 

I have to take loss in order to achieve the goal that I expected by using Robo-Advisor. 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저를 사용함으로써 다른 사람이 나의 계좌에 접근 할까 걱정된다 

I am worried about using someone else's access to my account by using Robo-Advisor 
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저를 사용하면 나의 자산 관리에 불확실성이 증가할 것이다 

The uncertainty in managing my asset will increase if I use Robo-Advisor  
① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저 서비스를 통한 투자가 실패 했을 시, 책임지는 이가 없을 것 같아 염려된

다 

I am afraid that if the investment through the Robo-Advisor service fails, Nobody will be 

responsible for it. 

① -- ② -- ③ -- ④ -- ⑤ 

로보어드바이저를 사용하기 위한 서비스 신청, 자산 정리, 익숙해지기 등에 소비 되는 시간

이 염려된다 

I am concerned about time spending on service applications, assets organization, and adapting 

to it to use Robo-Advisor 

① -- ② -- ③ -- ④ -- ⑤ 

 

다음은 로보어드바이저 서비스의 사용 의도(Use Intention)에 관한 질문입니다. 

(① 전혀 그렇지 않다 ② 그렇지 않다 ③ 보통 ④ 그렇다 ⑤ 매우 그렇다) 

나는 가까운 미래에 로보어드바이저 서비스를 이용할 의향이 있다 

I am willing to use Robo-Advisor services in the near future 
① -- ② -- ③ -- ④ -- ⑤ 

나는 가까운 미래에 로보어드바이저 서비스를 이용할 것이라 예상한다 

I expect to use Rob-oAdvisor service in the near future 
① -- ② -- ③ -- ④ -- ⑤ 

나는 가까운 미래에 로보어드바이저 서비스를 이용할 계획이 있다 

I plan to use Robo-Advisor service in the near future 
① -- ② -- ③ -- ④ -- ⑤ 

나는 로보어드바이저 서비스를 주변에 추천할 의향이 있다 

I am willing to recommend the Robo-Advisor service to other people 
① -- ② -- ③ -- ④ -- ⑤ 

 

다음은 통계적 처리를 위한 귀하의 개인정보에 관한 질문입니다 

귀하의 성별은 무엇입니까(Gender) 

① 남자(Male) ② 여자(Female) 

귀하의 연령은 어느 구간에 해당합니까(Age) 

① 20세 미만 ② 20~29세 ③ 30~39세 ④ 40~49세 ⑤ 50세 이상 
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귀하의 최종 학력은 어떻게 되십니까?(Education Level) 

① 고등학교 졸업 이하(Equal or less than High School) ② 대학교 재학 또는 졸업(Enrolled/Graduate University) ③ 대학

원(석사) 재학 또는 졸업 (Enrolled/Graduate Master Course) ④ 대학원(박사) 재학 또는 졸업 (Enrolled/Graduate Ph.D 

Course) 

금융 상품에 투자한 경험이 있습니까? (Investment Experience) 

① 있다(Yes) ② 없다(No) 

있다면 어떤 상품에 투자하셨습니까? (중복 선택 가능) (What kind of financial product) 

① 주식(Stock) ② 채권(Bond) ③ 펀드(Fund) ④ 기타(etc) (                                    ) 

투자자문 서비스를 이용한 경험이 있습니까? (Investment Advisory Service Experience) 

① 있다(Yes) ② 없다 (No) 

귀하의 투자자산 규모(혹은 투자 의향이 있는 자산 규모)는 어느 구간에 속합니까? (Amount of Investment) 

① 1천만 원 이하(≤10M KRW) ② 1천만원(10M KRW) ~ 5천만 원(50M KRW) ③ 5천만 원(50M KRW)~1억 원(100M KRW) ④ 

1억 원(100M KRW)~3억 원(300M KRW) ⑤ 3억 원 이상(≥300M KRW) 

귀하의 월 소득은 어느 구간에 속합니까 (Monthly Income) 

① 150만원 미만(<1.5M KRW) ② 150만원(1.5M KRW) 이상 300만원(3M KRW) 미만 ③ 300만원(3M KRW) 이상 500만원(5M 

KRW) 미만 ④ 500만원(5M KRW) 이상 700만원(7M KRW) 미만 ⑤ 700만원 이상(≥7M KRW) 
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Abstract (Korean) 

IT 기술의 발전은 대부분의 산업 분야에 커다란 발전을 가져왔다. 특히 빅

데이터(Big Data), 머신러닝(Machine Learning) 등의 기술을 기반으로 한 인공지

능은 여러 산업 분야에 적용되어 커다란 변화를 가져오고 있다. 흔히 핀테크

로 불리우는 금융업계의 혁신은 많은 투자자들의 관심을 불러일으키고 있다. 

특히 로보어드바이저의 등장으로 그동안 고액 자산가의 전유물로 여겨졌던 투

자자문 서비스가 일반 투자자들도 사용할 수 있게 되었다. 국내 금융 시장에

서 로보어드바이저 서비스가 도입된 지 얼마 되지 않아 아직 초기 성장 단계

이기 때문에 눈에 띄는 성장세를 기록하지 못하고 있으나, 최근 저렴한 운영 

비용과 정부의 규제 완화에 힘입어 다수의 금융회사들이 본격적으로 로보어드

바이저 서비스를 활성화하고자 하고 있다. 이러한 시장 환경에서 투자자들의 

로보어드바이저 서비스 수용에 영향을 미치는 요인이 무엇인지 밝히고 이를 

활용하는 것이 중요하다. 

본 연구는 통합기술수용이론(UTAUT)를 활용하여 일반 대중의 로보어드바

이저 수용에 영향을 미치는 요인들을 밝히고자 한다. 성과기대, 노력기대, 사

회적 영향, 촉진 조건 외에 신뢰(Trust)와 인지된 위험(Perceived Risk)를 변수로 

추가하고 나이와 성별을 통해 조절 효과를 분석하고자 한다. 이를 통해 궁극

적으로는 로보어드바이저 시장의 활성화 및 투자자문 서비스의 대중화에 기여

하고자 한다. 
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주요어 : 통합기술수용이론, 로보어드바이저, 투자자문 서비스, 인공 지능 

학  번 : 2016-22882 
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