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Abstract: Artificial intelligence (AI) has developed rapidly in recent years. Beyond its specialized domains, it has also been
applied to an increasing range of other fields. Prior research suggests that traditional financial decisions are typically reached
through investors' own judgment, and that such judgment is readily subject to interference from human factors and other
considerations, which compromises the accuracy of the resulting decisions. In response, many developers have introduced Al
into the financial industry and integrated it with investment services, giving rise to a novel form of advisory known as robo-
advising, or intelligent investment advisory. Robo-advising not only breaks with the conventional human-based advisory model
through Al technologies, but also helps investors make more effective decisions, thereby reducing potential losses. Existing
studies have proposed that the perceived usefulness of robo-advisory technology affects users' attitude and usage intention, and
that information transparency likewise affects users' attitude and usage intention, with attitude positively related to usage
intention. However, relatively few studies have examined trust as a mediating mechanism through which these factors shape
investors' intention to use robo-advisory. Accordingly, this study employs correlation analysis, regression analysis, and structural
equation modeling to analyze the data collected from a questionnaire survey and to test the proposed hypotheses. The findings
indicate that the perceived usefulness and information transparency of robo-advising are capable of establishing investor trust,
and that such trust can alter investors' attitude toward robo-advising, thereby enhancing their usage intention. In addition, this
study aims to offer more effective recommendations for robo-advisory technology and to support the continued development of
robo-advisory investment services.
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. robo-advisory technology, tend to prefer the traditional
1. Introduction ry 8y. p

advisory approach [9].

The development of artificial intelligence (Al) is currently Research on robo-advising remains relatively limited [10].
a widely debated topic [1]. To date, a broad range of industries Moreover, much of the existing literature has focused on the
have been deeply affected by the advancement of Al [2], and technology itself and on legal and security aspects, while
its application has also become increasingly widespread in the studies conducted from the investor's perspective are
financial sector [3]. In the emerging fintech industry, Al is comparatively scarce [2, 11]. Prior studies indicate that
combined with traditional finance with the aim of enabling perceived usefulness and trust both increase people's attitude
investors and enterprises to create greater value together [2]. toward adopting the technology and their usage intention [9],
Financial markets are frequently influenced by the prevailing that information transparency affects investors' attitude
direction of economic development; whether the market is toward use [6], and that a positive attitude exerts a positive
rising or falling, investors are nonetheless required to make effect on usage intention [11]. However, few studies have
decisions [4]. Robo-advising is a technology-based service examined how robo-advising, through perceived usefulness
built on Al that allows investors to obtain greater returns at a and information transparency, influences trust and thereby
relatively low threshold, and it has become a popular gives rise to usage intention. Accordingly, this study adopts
investment decision-making model in the financial industry the perspective of investors to investigate how robo-advising
[5, 6]. establishes a trust mechanism that produces a positive change

The characteristics of robo-advising often determine in their attitude and, in turn, enhances their usage intention.
whether investors adopt this model for their decisions [6]. To test the hypotheses proposed above, this study distributed
Transparent information is one of the important factors on questionnaires to investors andT using a quantitative analytical
which investors base their strategies [3]. Declines in returns apprpach, processed and .Verlﬁed the collecteq data. The
and increases in risk frequently result from information findings show that perceived usefulness and information
asymmetry; if unfavorable information is concealed, greater transparency ~exert a positive effect on investors'
losses are likely to ensue [7]. Robo-advisory services can estabhs'hmenfc of trust, and that trust can enhance 1‘nvest0r's'
appropriately help investors meet their need for information usage intention toward robo—adwsmg by changing  their
transparency [8]. When people recognize the usefulness of a gttltude. O_n the one hand, 'fhls study explores thp 'factors that
system, this may be described as perceived usefulness; the influence investors' intention to use robo-gdwsmg; on the
higher the perceived usefulness with which people evaluate a other, it prowdes effectlve assistance for the improvement of
system, the more positive the attitude they form toward it [9]. robo-advisory services.

Trust is likewise a critical factor in investors' decision-making
behavior, and some investors, owing to their lack of trust in
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2. Literature Review
2.1. Robo-Adyvising

Robo-advising is a platform that uses algorithms to provide
financial services to individuals [10]. Because the algorithmic
mechanisms employed by Al offer greater accuracy, people
tend to rely more heavily on Al technologies when making
investment and trading decisions [12]. Robo-advising can, to
a certain extent, compensate for the shortcomings of
traditional finance and help investors achieve greater
convenience [6, 9]. It is a sound choice for investors who
possess limited professional knowledge and wish to obtain
investment advice in a time-saving and effortless manner [6].
Compared with robo-advising, human advisors entail higher
costs [10]. In terms of investment cost, investment service,
and return level, robo-advising holds an advantage over
traditional advisory services, enabling investors to obtain
better service and higher returns at a lower cost [11]. When
facing investment portfolio choices, robo-advising can also
provide investors with superior portfolios [6]. Investors'
investment behavior is closely related to the outcomes it
produces; when market conditions fluctuate, investors may be
affected emotionally, which can lead to flawed decisions. The
use of Al can effectively reduce the complexity of decision-
making and offer investors better decision suggestions,
thereby lowering decision errors [8]. Consequently, robo-
advising can also effectively avoid behavioral biases arising
from emotion [10].

2.2. Perceived Usefulness

Perceived usefulness refers to an individual's subjective
perception that a system can improve work performance [9].
If robo-advising can bring benefits to investors, they will be
willing to adopt the technology for investment [13],
indicating that users' decisions are related to the perceived
usefulness of the technology [14]. In the fintech domain,
perceived usefulness also changes people's recognition of,
and willingness to accept, a technology [9]. Investors'
acceptance of, and attitudes toward, robo-advising are
inseparable from the influence of perceived usefulness, and
optimizing the perceived usefulness of robo-advising is
conducive to improving investors' acceptance [14]. Perceived
usefulness is therefore a precondition for the development of
emerging technologies [13].

2.3. Information Transparency

Transparency refers to the ability of the recommending
party to explain the rationale for its recommendations when
users make choices [6]. Humans may err in their judgment of
data patterns or in their interpretation of them, whereas Al can
identify aspects that humans tend to overlook, thereby helping
investors obtain more comprehensive information [7].
Insufficient information transparency limits the application of
robo-advising [3]. The more ambiguous the information
investors obtain, the higher the return uncertainty they face
[6]. When information asymmetry or concealment occurs, the
degree of investment risk likewise increases [7]. Insufficient
information transparency not only affects investors
emotionally, but also influences the diffusion of robo-
advising [15]. The degree of information transparency can
help investors improve investment efficiency and reduce
transaction errors [7].
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2.4. Trust

Trust has attracted considerable attention in research on
behavior [9] and constitutes the foundation of behavioral
engagement [16]. It is one of the preconditions for people's
willingness to accept the application and development of Al
technologies [17]. In the fintech context, user trust refers to
the extent to which users trust an innovative technology [5].
In the current development of intelligent technologies, trust is
one of the dominant factors [17]. Many studies have proposed
that when robo-advising enables investors to obtain higher
returns at lower cost and with more convenient operation,
their trust in it also increases [5]. Trust is a precondition for
maintaining customer relationships; when investment
uncertainty increases, users tend to feel insecure [5, 18].
Many people also lack trust in the technology owing to
concerns about privacy protection [9]. Establishing trust can
not only eliminate users' psychological barriers, but also
alleviate their concerns about information privacy [5]. The
higher the users' level of trust, the more readily they accept
and rely on the technology [17].

2.5. Attitude and Intention to Use

Attitude denotes an individual's views and opinions toward
a subject and represents the behavioral tendency formed when
confronting it [9,19]. It is one of the important factors
influencing individual behavior [20]. When facing decisions,
those who generally maintain a positive attitude toward robo-
advising are more likely to adopt it [9]. The more benefits
investors derive from robo-advising, the more positive the
attitude they form [11]. Attitude is therefore a key factor in
individuals' acceptance of emerging technologies [19].

Behavioral intention is the condition under which
individual motivation arises [19]. In investment decisions, the
higher the economic returns, the more likely users are to adopt
the technology and the stronger their usage intention [6].
Intention is thus a precondition for users' use of fintech [19].

Attitude and usage intention are highly interrelated [9].
Attitude significantly influences usage intention [19] and
drives the formation of behavioral intention [21], and a
positive attitude is a precondition for the activation of usage
intention [19]. When investors hold a more positive attitude
toward robo-advising, their usage intention strengthens
accordingly [20]. Hence, investors' attitude toward robo-
advising exerts a positive influence on their usage intention.

Altitude Intension to use

B
(ATT)

(INT)

Figure 1. The relationship between attitude and intention to
use

Sourced from the author

2.6. Research Gap

Prior studies have proposed that usage intention is closely
related to perceived usefulness, and that perceived usefulness
also influences the attitude toward using robo-advising [9].
The degree of information transparency can affect investors'
perceptions of robo-advising [6], and usefulness and attitude
jointly influence usage intention [2]. It follows that current
research largely focuses on demonstrating the direct
relationships between perceived usefulness and usage



intention, perceived usefulness and usage attitude,
information transparency and attitude, and attitude and usage
intention, whereas few studies establish trust as a mediating
factor to demonstrate that perceived usefulness and
information transparency can help investors build trust and
thereby promote an increase in usage intention toward robo-
advising. To fill the aforementioned research gap, this study
aims to examine the influence of perceived usefulness and
information transparency on investors' establishment of trust,
the effect of trust on investors' attitude, and the effect of
investors' attitude on their usage intention toward robo-
advising.

3. Methods
3.1. Research Hypotheses

Through empirical testing, this study examines the effect of
perceived usefulness on trust, the effect of information
transparency on trust, and the effect of trust on attitude,

guided by the following questions:

» To what extent does the perceived usefulness of robo-
advising influence investor trust?

* To what extent does the information transparency of
robo-advising influence investor trust?

» To what extent does investor trust influence investor
attitude?

Based on the three questions above and drawing on the
prior literature, this study proposes the following hypotheses,
and Figure 2 presents the conceptual model and the related
research hypotheses examined in this study:

HI1: The perceived usefulness of robo-advising has a
positive effect on investor trust.

H2: The information transparency of robo-advising has a
positive effect on investor trust.

H3: Investor trust has a positive effect on investor attitude.

Perceived Usefulness
(PU) _H1
o Al Trust H3 Altitude Intension to use
- (TU) (ATT) INT)
Information Transparency |~ H;2
(Im

Figure 2. Conceptual model and related assumptions

Sourced from the author

3.2. Data Collection

3.2.1. Questionnaire Survey

The five-point Likert scale is a mainstream method of
statistical data collection in current academic research [22].
This study accordingly adopts a five-point Likert scale to
design the questionnaire in order to test the proposed
hypotheses. The questionnaire is divided into six sections.
The first section asks for basic demographic information,

while the remaining five sections employ the Likert scale
method, with each item scored from 1 to 5, ranging from
"strongly disagree" to "strongly agree," and are developed
around the research theme. The second section concerns the
perceived usefulness of robo-advising, the third section the
information transparency of robo-advising, the fourth section
investors' trust in robo-advising, the fifth section investors'
attitude toward robo-advising, and the sixth section investors'
usage intention toward robo-advising (for the item setting and
sources, see Table 1).

Table 1. Variable Construction & Source

Latent Variables

Measurement Problem Items

Source

Perceived Usefulness
(PU)

I believe that robo-advising can reduce investment risk.
I believe that robo-advising is helpful to me.
I believe that robo-advising can lower investment costs.

(Yeh et al., 2023)
(Yeh et al., 2023)
(Yehetal., 2023)

Information Transparency

I believe that robo-advising can reduce information concealment.

I believe that robo-advising can gather more comprehensive information.

(Irimia-Diéguez et al., 2023)
(Irimia-Diéguez et al., 2023)

am I believe that the 1nf0rmat1_on provided by robo-advising is more (Irimia-Diéguez et al.. 2023)
accessible to understand.
Trust I trust that robo-advising can provide me with better decisions. (Arora et al., 2025)
I trust that robo-advising can bring me higher returns. Arora et al., 2025
(TU)
I feel reassured by the advice provided by robo-advising. (Arora et al., 2025)
I have a positive evaluation of robo-advising.
Attitude Robo-advising can ease my decision-making pressure and make me feel (Yehetal, 2023)
(ATT) relaxed. (Yehetal., 2023)

I believe that robo-advising can bring me happiness.

(Yeh et al., 2023)

Intention to Use
(INT)

I am willing to invest using the robo-advising model in the future.
I am willing to use robo-advising for investment.
I want to use robo-advising to invest.

(Hong et al., 2023)
(Hong et al., 2023)
(Hong et al., 2023)

Sourced from the author
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The questionnaire was distributed both online and offline:
online through social media platforms and offline through on-
site visits, over a total collection period of one and a half
months. Respondents were required to read the informed
consent form before completing the questionnaire and began
to answer only after confirming its contents. In total, 369
questionnaires were collected, of which 321 were valid and
48 were invalid, yielding an effective response rate of 87%.

3.2.2. Demographic Sample Analysis
Table 2 presents the demographic characteristics of the

collected sample. The first part reports respondents’ gender,
divided into male and female. The second part reports re-
spondents' age, comprising the ranges of 18-22, 23-27, 28—
32, 33-37, and over 38 years. The third part reports re-
spondents' educational attainment, comprising primary
school, junior high school, senior high school, bachelor's
degree, master's degree, and doctorate or above. The fourth
part reports respondents' annual household income, com-
prising less than 200,000, 200,000-500,000, 500,000-
800,000, and more than 800,000.

Table 2. Demographics of Main Study Sample

Characteristic Attribute Frequency Percentage (%)
Gender Male 164 51.09%
Female 157 48.91%
18-22 95 29.60%
23-27 111 34.58%
Age 28-32 67 20.87%
33-37 40 12.46%
>38 8 2.49%
Elementary school 2 0.62%
Middle school 7 2.18%
. High school 43 13.40%
Education Level Undergraduate 166 51.71%
Graduate 86 26.79%
Doctoral degree and above 17 5.30%
Annual <20 154 47.98%
Household 20-50 88 27.41%
Income 50-80 61 19.00%
(in ten thousand) >80 18 5.61%

Sourced from the author

The number of male respondents (51.09%) exceeded that
of female respondents (48.91%). Because men and women
differ in their thinking regarding the application of emerging
technologies, men are more willing than women to adopt
emerging technologies to improve returns; consequently, their
intention to use robo-advising is also higher than that of
women [9, 23].

The largest age group of respondents fell within the 23-27
range (34.58%), followed by the 18-22 range (29.60%), then
the 28-32 range (20.87%), while respondents older than 38
formed the smallest group (2.49%). Younger groups possess
higher digital cognitive ability and greater familiarity with
intelligent technologies [9]. Millennials hold a relatively
positive attitude toward the acceptance of Al technologies and
regard robo-advising as practically valuable [21, 23]. Older
investors, being more entrenched in their views than younger
individuals, are less influenced by external information and
opinions when investing [2].

The table shows that respondents with a bachelor's degree
constituted the largest group (51.71%), while those with only
a primary school education formed the smallest group
(0.62%). Contemporary younger cohorts grew up in a digital
environment, attained the highest levels of education, and
enjoy high university enrollment rates [24]. Accordingly,
most respondents had a bachelor's or master's degree, with

only a minority having received less than university education.

Respondents with an annual household income of less than
200,000 ranked first (47.98%), followed by those with an
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income of 200,000-500,000 (27.41%), those with an income
of 500,000-800,000 (19.00%), and those with an income
above 800,000 (5.61%). In China, the middle-income group
is defined as households with an annual income between
100,000 and 500,000 [25]. Because middle- and low-income
individuals have access to fewer investment resources and
obtain a limited amount of effective information, middle- and
low-income households are, in comparison with high-income
households, more willing to invest through robo-advising
[23].

3.3. Data Analysis

3.3.1. Reliability and Validity Testing of the
Measurement Model

Across different respondents and contexts, reliability is a
core element ensuring that a measurement instrument stably
measures the target construct [26], while validity serves as the
criterion for evaluating the accuracy of research [27]. This
study uses SPSS to compute the Cronbach's a values and
AMOS to compute the indicator loading values; based on the
computed indicator loading values, it further derives the CR
and AVE values to assess the consistency and convergent
validity of the data. The formulas for the composite reliability
(CR) and the average variance extracted (AVE) are as follows:

Composite Reliability (CR):

Eap?

CR= a2

Average Variance Extracted (AVE):



AVE =

oA
n

Table 3. Analysis of different latent varies

V]a“gzﬁzs Ob\izri\;i[llg;lal Indicator Loading Cronl;ach s CR AVE

. PU1 0.759
P ercelve(‘ifd;efumess PU2 0.741 0.791 0.792 0.559

PU3 0.743

Information IT1 0.769
Transparency IT2 0.723 0.780 0.780 0.542

aT) IT3 0.716

Trust TU1 0.790
(TU) TU2 0.710 0.840 0.774 0.553

TU3 0.687

. ATTI 0.694
A(f:‘T“}‘;e ATT2 0.727 0.804 0.719 0.462

ATT3 0.612

Intention INT1 0.667
to Use INT2 0.745 0.838 0.763 0.519

(INT) INT3 0.746

Sourced from the author

A CR or Cronbach's o value greater than 0.7 indicates good
internal consistency of the scale [26]. Table 3 shows that the
Cronbach's o values of the two variables of perceived
usefulness and information transparency are all greater than
0.7, while those of the three variables of trust, attitude, and
usage intention are all greater than 0.8. The CR values of the
five variables are 0.792, 0.780, 0.774, 0.719, and 0.763,
respectively, all greater than 0.7, meeting the criterion of good
internal consistency. Regarding the AVE values, perceived
usefulness is 0.559, information transparency 0.542, trust
0.553, and usage intention 0.519; only attitude, at 0.462, falls
slightly below the AVE criterion, yet it remains within an
acceptable range. The measurement model therefore
demonstrates good reliability.

3.3.2. Correlation Analysis

Taking perceived usefulness, information transparency,
trust, attitude, and usage intention as variables, this study
processes and analyzes the data of the five variables using
SPSS and employs Pearson correlation coefficients to reflect
the relationships between perceived usefulness and trust,
information transparency and trust, trust and attitude, and
attitude and usage intention. To satisfy the requirement of
reducing possible multicollinearity among the variables, the
Pearson coefficient needs to be below 0.8 to meet the standard
[28]. The results of the data analysis are presented in Table 4:
all Pearson coefficients are below 0.8 and all p-values below
0.05, indicating sound correlations among the five variables.

Table 4. The correlation analysis of different varies

Varies TU1 TU2 TU3 INT1 INT2 INT3
PU1 0.626** 0.557** 0.595%* 0.576** 0.627** 0.626**
PU2 0.672%* 0.566** 0.577** 0.536** 0.599%* 0.603**
PU3 0.629%* 0.589%* 0.554** 0.569%* 0.617** 0.605%*
IT1 0.657** 0.613%* 0.606** 0.581%* 0.607** 0.633%*
IT2 0.626** 0.578** 0.553%* 0.528%* 0.579%* 0.619%*
IT3 0.591** 0.578** 0.514** 0.523** 0.555** 0.588**

ATT1 0.635** 0.625** 0.581** 0.594** 0.636** 0.634**

ATT2 0.722%** 0.626** 0.608** 0.581** 0.644** 0.642**

ATT3 0.599** 0.560** 0.549** 0.532%** 0.609** 0.565**

Note. N=321 participants. *p<0.10, **p<0.05 ***p<0.01. From the author.

3.4. Structural Equation Modeling

This study processes the collected questionnaires and uses
AMOS to construct the hypothesized model (see Figure 3) in
order to test Hypotheses 1-3 and examine the pathways of the
influencing factors related to robo-advising. Among the fit
indices (Table 5), the 2 value is 335.281; the GFI, NCF, CFI,
and IFI values all meet the criterion of >0.9, and the AGFI
value meets the criterion of >0.8, satisfying the required fit
standards. The y*/df value is 3.899 and the RMSEA value is
0.095; although both deviate somewhat from the standard,
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they remain within an acceptable range. In Table 6 showing
discriminant validity results, the square roots of AVE for each
latent variable are 0.736, 0.748, 0.744, 0.680 and 0.720. In
Table 7, the VIF values for the two independent variables,
information transparency and perceived usefulness, are both
2.315, which is lower than 5, demonstrating that serious
multicollinearity is not present. Table 8 reports the
standardized path coefficients of the four pathways —
perceived usefulness and trust, information transparency and
trust, trust and attitude, and attitude and usage intention —
and the t-tests of the four paths yield values of 0.771, 0.666,



1.003, and 1.001, respectively, with all p-values below 0.01, indicating that the paths are highly significant.
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Figure 3. A preliminary model of structural equation
Sourced from the author
Table 5. Fit index value of structural equation model
Fit Indices Recommended Value Actual Value
e The smaller, the better 335.281
¥/ df <3.0 3.899
GFI >0.9 0.909
AGFI >0.8 0.873
RMSEA <0.08 0.095
NFI >0.9 0.901
CFI >0.9 0.924
IF1 >0.9 0.925
Sourced from the author
Table 6. Discriminant Validity
Information Perceived . Intention to
Transparency Usefulness Trust Attitude Use
Information Transparency 0.736
Perceived Usefulness 0.960 0.748
Trust 0.987 1.001 0.744
Attitude 0.988 1.003 1.002 0.680
Intention to Use 0.988 1.003 1.002 1.000 0.720
Sourced from the author
Table 7. Variance Inflation Factor
depe.ndent independent variable Tolerance VIF
variable
Trust Information Transparency 0.432 2.315
Trust Perceived Usefulness 0.432 2.315

Sourced from the author

Table 8. The standardized path coefficients for the paths

Pathway Estimate T-value P Value
Perceived Usefulness—Trust 0.771 11.134 ok
Information Transparency— Trust 0.666 10.328 ok
Trust—Attitude 1.003 11.531 oAk
Attitude—Intention to Use 1.001 11.264 oAk

Sourced from the author
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3.5. Regression Analysis Results

Table 7 below presents the results of the linear regression
analysis, in which trust and usage intention serve as the
dependent variables and perceived usefulness, information
transparency, and attitude as the independent variables. Prior
research has suggested that relatively low R? values are

acceptable in the social sciences [29]. In the table, the
ANOVA p-values are all below 0.001, and both the R? and
adjusted R? values exceed 0.6, with the two values being close
to each other. The p-values of the relationships between the
dependent variables (trust and usage intention) and the three
independent variables are all below 0.001, indicating that the
model is reliable.

Table 9. The analysis of regression result

D\‘?greiggle:t ANOVA p-value R? Adjusted R? (p-\];;fue) (p—IVI\ellrlllle)
PU <0.001 0.666 0.665 (3(5?0106 3 (<O(5.80106 1)

IT <0.001 0.665 0.664 (f(fol(f 1 (36?(?011)
ATT <0.001 0.686 0.685 (36_8()25 ) (36?01091)

Sourced from the author

4. Conclusion

For most clients, their intention toward robo-advising is
lower than toward banks, which also constitutes a challenge
for the current development of fintech. To enhance users'
intention, it is necessary to make changes to the robo-advisory
technology itself, so as to improve its perceived usefulness
and information transparency. Against the background of
robo-advising, this study examines the relationship between
perceived usefulness and trust, the relationship between
information transparency and trust, the relationship between
trust and investors' attitude, and the relationship between
attitude and investors' usage intention. In the collected sample,
male respondents outnumber female respondents, and most
respondents are younger. This indicates that younger male
groups exhibit higher acceptance of, and investment intention
toward, intelligent technologies; however, in the existing
literature, no consensus has been reached on the association
between sustainable investment preference and investors'
gender, and the degree of association between respondents'
investment intention and gender may also change with the
form of the survey. In the data analysis section of this study,
the structural equation model constructed on the basis of the
research variables and hypotheses demonstrates that
perceived usefulness exerts a positive effect on trust,
information transparency exerts a positive effect on trust, trust
exerts a positive effect on investors' attitude, and investors'
attitude is highly correlated with their intention to use robo-
advising. This fully verifies that perceived usefulness and
information transparency promote the formation of investor
trust, that trust leads to a positive attitude, and that usage
intention increases accordingly.

This study discusses the factors influencing investors'
intention to use robo-advising. By treating trust as a bridge, it
first explains that investor trust is influenced by the perceived
usefulness and information transparency of the technology,
and then establishes the pathway through which trust
improves attitude and attitude raises usage intention, thereby
filling the current research gap. Accordingly, the Al and
financial services industries should strengthen the perceived
usefulness and information transparency of robo-advisory
technology, so that investors recognize that the service can
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help them obtain more hidden information and operational
convenience and bring substantial benefits to their investment
decisions and returns. In addition, with respect to information
transparency, technology developers should also take
information security into consideration, keeping investors'
information confidential to avoid information leakage.

This study remains inadequate in exploring the factors
influencing the intention to use robo-advising. First, the
questionnaire survey targeted investors, and the scope of the
sample is too narrow; because the distribution group is rather
specific, the quality of the collected data tends to be too
homogeneous. The scope of the survey should therefore be
expanded so that the conclusions can be more generally
applicable. Second, the respondents were investigated only
through a questionnaire, which cannot fully reflect
respondents' cognitions and perceptions of robo-advisory
technology; focus-group interviews could be employed to
make the study more convincing. Third, the processing of the
collected data in this study is not sufficiently clear. Some
standardized path coefficients between variables exceed the
acceptable criteria. Accordingly, this paper cannot strongly
verify the relationships among the five variables, and it fails
to fully demonstrate that the data is free from
multicollinearity issues. Finally, the hypotheses proposed in
this study pertain only to the robo-advising domain and
cannot demonstrate whether they also hold in other fields; the
research scope should therefore be expanded so that the
proposed hypotheses can be established in other domains as
well. In future research, the sample population could be
enlarged and focus-group interviews adopted to understand
respondents' views, thereby providing further help and value
for the improvement of robo-advisory technology.
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