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Abstract - The concept of utilizing IT for recommendations
has existed since the inception of computer science, but it
has become more prevalent in recent years as e-commerce
has grown significantly. Because recommendation systems
are effective at simulating customer behaviour and offering
users personalisation, they have helped numerous e-
commerce and content providers expand. In order to
determine what influences customers' adoption and usage of
online purchase recommendation systems, this research
explores the factors affecting recommendation systems'
adoption and use in e-commerce in Croatia. The structural
model of partial least squares and the Unified Theory of
Adoption and Use of Technology (UTAUT) were employed
to accomplish this goal (PLS). 130 users of online
recommendation systems made up the sample. Research has
shown that users will only utilize recommendations if they
are given supplementary goods that improve their
purchasing experience. Users trust recommendation systems
(43%), but they have reservations about whether they
deliver on their promises which is related to the fact that
only a small number of retailers track and evaluate the
effectiveness of recommendation systems in their online
stores.
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. INTRODUCTION

The rapid growth of media, information and network
technologies, trading platforms and social networks has
generated a massive amount of data that people find
difficult to process and comprehend daily. This
proliferation of primarily repetitive information places a
strain on the human brain and falls short of delivering the
desired level of efficiency. The combined effects of this
information overload negatively impact productivity and
satisfaction with its use. To put it simply, the speed at
which users can respond to specific information is slower
than the speed at which the information is being
transmitted, and the increased availability of information
options results in a decreased rate of utilization. This
phenomenon is referred to as information overload and is
a result of the ongoing and rapidly evolving technological
revolution. According to Toffler [1], information
overload refers to the difficulties an individual may
encounter when trying to comprehend a problem or
decide due to the overwhelming presence of information.
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Information overload places information professionals in
a constant state of mental overload or stress, affecting
them on a global scale. It has a significant negative effect
on the psychological well-being of individuals [2]. Due to
a considerable amount of information, the decision-
making process in purchasing is under immense pressure
[3]. In light of this, recommendation algorithms have a
significant impact on the shopping experience in e-
commerce. These systems leverage consumer-purchasing
patterns to learn about and help users choose the things
they should buy, which helps reduce information
overload. Furthermore, recommendation systems (RS)
lower the time of searching for and choosing products by
making recommendations based on the user's profile, and
they are critical due to their primary function: predicting
whether the user will be satisfied with a particular
product [4].

II.  THEORY AND PREVIOUS RESEARCH

An online RS is a type of information filtering
system that provides personalized recommendations to
users based on their preferences, interests and behaviour.
It is intended to make pertinent suggestions to consumers
while they utilize an online platform, such as an e-
commerce website, social-media or an online streaming
service, in real-time. RS use a combination of user data,
machine learning (ML) algorithms, as well as artificial
intelligence (Al), to make personalized recommendations.
The data used by these systems includes user profiles,
browsing and purchase history, ratings and reviews,
social network data, and other behavioural data. The ML
algorithms analyse this data to identify patterns, make
predictions, and recommend items that are likely to be of
interest to the consumer. Online RS come in a variety of
forms, including content-based filtering, collaborative
filtering, and hybrid methods that integrate both
approaches [5]. In recent years, these systems have
gained popularity as a means of improving user
experience and raising user engagement on online
platforms. With the rise of social media, social elements
have become important part of RS [5].

The importance of RS in consumer journey are
studied in numerous researches, in contrast to prior study
that concentrated on technological elements [6]. In
context of RS in consumer journey, the focus of
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researches varies, from efficiency of RS to consumer
satisfaction and trust towards RS [7]. To be used by
consumer in the purchase process, RS have to be
perceived as trustworthy, as well as relevant. Using RS
showed positive impact on the shopping process
satisfaction level [8] and those consumer who consulted
product suggestions chose suggested products twice as
frequently as those who didn't [9]. Perceived RS
information quality and system quality, two important
characteristics of efficient RS, have a significant effect on
consumers’ satisfaction and trust [5]. Consumers’
perception of the importance of quality and relevant
information often leads to neglecting other business
related factors, as the relevance of suggested content is
top priority focus for RS designers. RS must benefit
consumers, but also, they are great way for sellers to
increase profitability. Research [10] showed that the RS
systems designed by balancing both profit and relevance,
compared to those that are oriented to recommending
relevant content, generate higher profit, while not
influencing the consumer’ trust and profit gains were due
to balance of consumer’s trust and the diversity and
relevance of RS. Development of social media increased
the social component of RS. Researches [7][11] have
shown that consumers most frequently utilize
recommendations coming from other consumers. Also,
consumers tend to trust more third party RS than RS
coming from the seller [7]. Some of the recent researches,
such as [12] has investigating connection between the
level of psychological ownership (PO) and RS designed
preferences, showing that users with high PO prefer user-
centric RS approach. Furthermore, consumers learn
through their purchase process and apply the weights they
ascribe to different product attributes. The RS that learns
user preferences through the purchase as even if a
recommender system fully understands consumer utility,
the highest utility product might not be the greatest
advice if the customer needs to discover his or her own
preferences [13].

With the development of the technology and more
complex consumer journey with information overload as
important factor that influence consumer’s purchase
decision, RS becomes more and more relevant in a
practice, as well as in scientific research. With that in
mind, and the fact that research of adoption and usage of
RS by consumers in Croatia has not been conducted and
published in major scientific databases, this research
conducted.

I1l. RESEARCH METHODOLOGY

The research conducted in this paper was influenced
by similar research studies [14][16].The methodology
used in this research is The Unified Theory of Acceptance
and Use of Technology (UTAUT) is one of the most
comprehensive technology acceptance models, integrating
eight influential acceptance models regarding individual
acceptance of newly introduced information technologies.
[19]

UTAUT model uses three determinants: performance
expectancy (PE), effort expectancy (EE), and social
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influence (SI). PE refers to the user's expectation that
using the system will lead to improved job performance.
Research suggested that this is one of the most important
predictors of the intention to use technology [15]. EE
measures the degree of ease of use or complexity of the
technology associated with the use of the technology. Sl is
the perception of an individual that important others think
he should adopt a new system.

UTATU 2 model is often extended by more
determinants: facilitating conditions (FC) are the resources
and support that a consumer perceives as available to
engage with technology; price value (PV) refers to the
value that a consumer perceives in relation to the price
paid for using the technology and trust (TR) which a
crucial variable as it plays a significant role in shaping a
person's perception [15].

The UTAUT model was deemed most appropriate for
this study, which aimed to assess the behavioural intention
and use of RS among customers in Croatia. Data was
gathered through an online survey. Snowball methodology
of recruiting respondents was applied. N=130 surveys
from respondents who indicated they utilize online
shopping, made up the analysed sample. A 5-point Likert
scale was used to measure all determinants.

Based on previous researcher’s findings, UTAUT
model was extended and adapted for the purpose of this
research (Fig. 1) and hypothesis are formed as follows:

e Hypothesis 1 (H1): PE is expected to have a
positive effect on the behavioral intention to use
RS in e-commerce.

o Hypothesis 2 (H2) EE positively influences the
behavioral intention of RS in e-commerce.

e Hypothesis 3 (H3) SI positively influences the
behavioral intention of RS in e-commerce

e Hypothesis 4 (H4) PV positively influences the
behavioral intention of RS in e-commerce

e Hypothesis 5 (H5) T positively influences the
behavioral intention of RS in e-commerce

e Hypothesis 6 (H6) Behavioral intention of RS in
e-commerce positively effects the use

PLS statistical software was used to statistical data
analysis.
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Figure 1. Research model
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IV. DISCUSSION

The scales were adopted from the original UTAUT
model from [16]. To test the proposed structural model,
we used partial least squares—structural equation
modelling (PLS-SEM). We checked the absence of
measure bias error or common method bias (CMB) as
recommended in [17].

In this model, the occurrence of a VIF greater than 3.3
is preferable as an indication of pathological collinearity.
To do so, we conducted a full collinearity test in order to
rule out CMB. We used data from our original PLS
algorithm report. In first step we took results from latent
variables and paste them in first free row in our original
data set. In a second step, we added a new column called
Random V populated with random values that represents
all values of that original data set. From that point we
created new canvas/model in our structural model. In that
model all variance inflation factors (VIFs) extracted by
this method must be lower than 3.3 to confirm that the
sample has no CMB as in Table 1.

PLS SEM model tries to ensure the reliability and
validity of the measurement scales. Factor loading show
how well an item represents the underlying construct.
Loadings over 0.70 are recommended as in [15]. In our
work we eliminated Si3 and Ee3 from the scale.

TABLE I. TEST COMMON METHOD BIAS, VARIANCE
INFLATION FACTORS
Random V
Social influence 1069
Effort expectancy 1505
Performance expectancy 1097
Behavioral intention 1403
Trust 1140
Price value 1008

TABLE II. MEASUREMENT SCALES AND LOADING S
Construct Items Loadings
Social Sil 0.804
ocial .
influence Si2 0.903
Si3
Eel
Etfort Ee2 0.89
expectancy
Ee3
Pel 0.86
Performance Pe2 0.875
expectancy
Pe3 0.83
Trust T1 0.947
T2 0.93
. Pvl 0.893
Price value
Pv2 0.924
Behavioral .
intention Bi .
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The results are presented in Table I1.

We analyzed the reliability of the constructs with two
indicators: Cronbach’s Alpha and composite reliability.
The values obtained were over the 0.7 suggested. In terms
of convergent validity, the average variance extracted
(AVE) was used. The results were over the 0.5 as in Table
3. [15] Fornell-Larcker’s test (Table 4.) was used to test
discriminant validity of model, which compares the square
roots of the AVE (shown in the diagonal in bold) with the
correlations of each variable (shown in rows and
columns). The first value must be greater than those in
their respective rows and columns as in [18]. To check the
statistical significance of each of the coefficients or paths
(Table 5) we carried out bootstrapping with 10,000
subsamples and used the Standardized Root Mean Square
Residual to assess the model’s goodness of fit [15]. The

TABLE Il COMPOSITE RELIABILITY AND CONVERGENT VALIDITY
. . Average
.. Composite  Composite -
Cronbach's L o variance
alpha rilrﬁglg;y re(lrﬁ(l))llcl;y extracted
— - (AVE)
PE 0.817 0.823 0.891 0.732
PV 0.79 0.805 0.904 0.826
Sl 0.81 0.836 0.912 0.839
Trust 0.865 0.876 0.936 0.88
TABLE IV. FORNELL-LARCKER CRITERION
EE PE PV Sl Trust  pn
EE 1
PE 0551 0855
PV.' 0402 0628 0909
SI' 0202 0217 0228 00916
Trust 0524 0665 0652 0299 0938
P" 0483 0578 0519 0236 0584 1
TABLE V. STRUCTURAL MODEL
Hyoptesis coe?fz?tcri]ens Rsquare | Fsquare | Validate
EE on BI 0.121 0.031 | Supported
PE on BI 0.284 0.041 | Supported
PV on BI 0.116 0.019 | Supported
Slon BI 0.045 0.004 | _ Not
supported
Tgé’” 0.228 0.043 | Supported
Bl 0.437
srmr 0.051
Q?predict 0.386
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value obtained was 0.051, less than the 0.08, suggesting a
good fit of the complete model. The model results in
Table 5. also show both the verified hypotheses and the
size of their effect. Four of five relationships formulated
are significant, of which only the results for expectations—
intention to use ratio exceed the minimum 0.2
recommended by [15]. In all cases where the ratios were
significant, the effect size (Fsquare) was between 0.015
and 0.35, except in scenarios Si on Bi which were below
it. However, the model has a very good fit as the SRMR
obtained is only 0.051, well below 0.08. Stone-Geisser’s
Q2 was calculated to evaluate the predictive capacity of
the model. Result is 0.386, value greater than 0 so it is
conclude that model has a relevant predictive capacity
[15] (Table 5)

From the total number of respondents (N130), there
were 70 women and 60 men; 85% or 65% were between
the ages of 25 and 54. Of the respondents, 56% declare
they have a bachelor's degree or higher, and 41% have
completed secondary school. In this context, to the
question 'How often do you shop online,' the vast
majority, or almost 87% of respondents, answered that
they shop one to several times a month. More precisely,
37% of the surveyed shop once or more times a month,
and 40% once or more in three months. A significant
increase in shopping frequency compared to 2018 research
confirms the post-pandemic statements about the rise in
sales in e-commerce in Croatia [19].

As we stated previously, the aim was to investigate
how the mentioned constructs influence the use of RS in
e-commerce. The measurement model that evaluates the
validity of the construct and the structural model that
evaluates the connection of the variables after application
showed a positive result. Survey results showing
composite latent variable concordances ranging from
0.860 to 1. The Cronbach’s Alphas of the five constructs
are displayed in Figure 4. All CAlphas are above the
threshold of .70 (Nunnally, 1978), meaning that the
reliability is confirmed. Composite reliability indicators
for all latent variables must be between the value of 0.7,
also called the critical value, and the value of 0.99,
representing a very high degree of internal consistency
[16]. In this model, the reliable composite values range
from the minimum value of 0.890 to the maximum value
of 1, in complete accordance with the previously defined
interval. It represents a high degree of internal consistency
or reliability of the model for the variables. Discriminant
validity is a measure that is compared with different but
related concepts. It should not be correlated with measures
that measure another concept.

When it comes to trust 'in' and expectations ‘from' RS -
two factors that are incredibly high on the list of users -
respondents say that they will use them only when the
solutions offered by the systems make sense to them, i.e.,
when they are shown to them complementary products,
similar products but with a better price, products that
complement and enrich their shopping experience.
According to the answers, 66% of the respondents agree
that they can trust the system's recommendations, but
almost 30% of the respondents are neutral on this issue
(neither sure nor unsure that RS should be trusted). On the
next question, their skepticism stands out. Namely, less
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than half, or 43%, agree that the systems 'fulfill what they
claim' and 29% are undecided. In short, users trust
recommendation systems but are skeptical about the
statement that they live up to what they claim (that is, in
what they do, which we could relate to the fact that a tiny
number of retailers monitor and analyze data on the
performance of RS. Namely, RS often display or link
completely non-complementary/irrelevant products and
the like). RS are part of our everyday life, and it is almost
impossible to avoid them. Accordingly, most respondents,
48% of them, declare that they will use them to the same
extent as before, and even 30% that they will use them
more often. Only a more minor number declare that they
will use them less (4%) or that they will stop using them
(1.5%), which, in today's context of the general spread of
the Internet and various smart devices, would be an almost
impossible mission.

V. CONCLUSION

When an individual is surrounded by constantly
changing mass media and new information contexts, their
ability to make accurate predictions decreases
significantly. To restore their prediction accuracy to an
average level, they must rapidly process more data.
Recommender systems are a specialized type of
information filtering system that attempt to anticipate a
user's evaluation or liking for a specific item, product, or
service. This prediction is then displayed to the user as
recommendations and suggestions based on the results. In
this context, the user will be satisfied if three parameters
are met: how much the recommendation is focused on his
needs (personalized), how interesting it is and how useful
it is to him. The primary goal of any recommendation
system is to build a quality and objective mathematical
model that will be able to measure these three. Their
acceptance is wide because they facilitate the processes in
the store, but also more broadly: it is used by customers
who find it easier and faster to shop, and by merchants in
e-stores to increase the value of their basket, make it
easier for customers and make shopping as high-quality as
possible. After the collected data, the test was carried out
through the UTAUT model in the already mentioned
SmartPLS 3.0 software tool, which determines the success
of the research using various calculation measures. Based
on the results all hypotheses from the test are above the
limit values and were accepted. The high predictive ability
of the model was established for most variables. All
selected constructs have a positive influence and the
greatest role on the behavioral intention to use the RS in e-
commerce. All except the construct: Social impact (what
others think about the use), which was to be expected.
Namely, recommendation systems are practically
impossible to avoid, they do not represent a novelty, and
the interest is about how much someone uses it or what
opinion they have about the use of the recommendation
system - for other users, it is a less important question.
Users and customers in e-commerce believe in what the
systems recommend to them but express skepticism when
they answer whether these systems fulfill what they do.
However, almost 80% also state that they intend to use the
recommendation systems equally or even more than now.
That is important information for store owners and
managers: customers and users recognize the importance
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of systems in everyday life, are aware of them, and use
them almost equally, regardless of whether they buy
utilitarian or hedonistic products. On the other hand, e-
merchants should pay more attention to the monitoring
and analysis/analytics of referral systems because it is
proved that these systems have a very measurable impact
on revenue growth, customer satisfaction, purchase
intentions, time spent on the site, which are all key
indicators of success when it comes to e-commerce.
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