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Introduction

In recent decades, the professional and scientific community has recorded 
significant changes in communication, social interactions, learning, access to 
information, and consumer decision-making. Social media play a significant 
role in this context, and especially so in relation to younger generations of 
consumers – specifically Generation Z – which is strongly attached to digital 
identity. The representatives of this generation are characterized by the fact 
that they grew up in an environment in which the Internet, smartphones, 
and instant access to information were a natural part of everyday life and 
their consumer habits were formed significantly differently from previous 
generations.
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Professional literature provides various terminological definitions and 
age distributions of the individual generations. This inconsistency stems 
from the inconsistency of cultural and historical aspects in some countries. 
In our work, we use the division that places Generation Z in the 1995-2010 
framework. Our approach is based on the cultural and historical aspects of 
our country, taking into account the pace of modernization of information 
technologies.

Although the Internet creates a new world for children and young people 
in which they can use imagination, playfulness, and satisfy their social and 
other needs, it is important to be aware of the misleading and inappropriate 
Internet content (erotic, aggressive, racist, etc.). The negative impact of the 
intense contact with the media affects the value system of young people, cre-
ating pseudo-values, which usually leads to conflict in families and at school. 
Equally important are the dangers of the Internet that affect young people, 
which include online dating, grooming, human trafficking, cyberbullying, 
and cybertalking. The above dangers not only endanger the lives of young 
people, but also lead to the development of various non-substance addictions 
(pathological gambling, shopping, addiction to sects and cults, etc.).

For this reason, there is a significant need to examine the factors that 
may influence consumer, information, and media literacy through the adop-
tion and use of digital technologies among different age and social groups. 
In this context, the UTAUT2 model (Venkatesh et al., 2012) appears to be 
a suitable methodological framework for mapping out the relationships be-
tween motivational and behavioral variables that influence the adoption of 
technology. This model expands the original model to include new dimensions 
such as hedonic motivation, habit, and value.

Literature Review

Digital Literacy and Technology Adoption

Generation Z, which emerged in the mid-1990s and early 2010s, is a genera-
tion inherently familiar with the digital environment because it grew up in 
a tech-driven world (Dolot, 2018; Aithal, 2024). This very connection with 
technology has shaped their consumer habits and digital skills, with deep 
immersion in the digital realm, which has an effect on how they engage 
with platforms and make decisions (Bassiouni & Hackley, 2014). Research 
has shown that their digital literacy is exceptional and plays a pivotal role in 
shaping their online purchasing behaviors (Kahawandala et al., 2020; Ngah 
et al., 2021). This advanced digital fluency allows them to navigate the digital 
platforms with ease, making them particularly responsive to evolving online 
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shopping trends. Gen Z’s strong inclination toward digital tools, especially 
mobile technologies, further highlights their comfort with the digital world 
(Anshari et al., 2016; Priporas, 2017). Their dependence on the smartphones 
for shopping underscores a seamless integration of mobile technology into 
their daily lives, making the mobile shopping experience central to their con-
sumer behavior (Zhulal et al., 2024; Lapidus et al., 2024). This dependence on 
smartphones aligns with a growing reliance on digital interfaces, which they 
interact with naturally, reflecting a generation that has never known a world 
without instant access to information and services. Moreover, their apt use of 
e-wallets, which has become central to their payment habits, reflects a clear 
trend toward digital-first transactions (Natswa & Subagyo, 2024).

From our perspective, Generation Z’s digital literacy goes beyond just 
purchasing products; it highlights a broader shift in how they approach 
the world around them. Their comfort with technology makes them more 
inclined to trust digital services and engage in behaviors that previous gen-
erations might have found risky, such as making purchases through mobile 
apps or using e-wallets. As businesses continue to evolve in response to 
this generation, understanding their digital fluency becomes essential. The 
expectation is not just for user-friendly experiences but for highly person-
alized, secure, and intuitive digital interactions. This generation’s consumer 
behavior emphasizes the importance of continuously innovating within the 
digital landscape to meet their expectations.

Online Shopping Behavior and Purchase Decisions

Gen Z’s online shopping habits are influenced by both hedonic and utilitar-
ian factors, creating a complex blend of pleasure and practicality in their 
purchasing decisions (Utomo et al., 2023; Agrawal, 2022). The pleasure and 
enjoyment they take in browsing and making online purchases significantly 
shape their buying behavior, highlighting their desire for an engaging and 
satisfying shopping experience (Ang, 2024). However, practical consider-
ations, such as efficiency and convenience, are also key drivers, particularly 
in the context of the COVID-19 pandemic, which accelerated their shift toward 
e-commerce (Ang, 2024; Zhulal et al., 2024).

This dual influence of enjoyment and practicality reflects the ways in 
which Gen Z approaches online shopping, balancing the emotional satisfac-
tion of a seamless digital experience with the rational need for timesaving 
and ease. The pandemic amplified the importance of convenience, as restric-
tions and lockdowns pushed them to rely more heavily on online platforms 
for their purchases. It is not just about the thrill of shopping anymore; it is 
about speed, ease of access and reliability. As a result, businesses targeting 
this generation must offer both an enjoyable and personalized experience 
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and the efficiency that Gen Z increasingly demands in a post-pandemic world. 
This dynamic is likely to continue shaping their expectations, with a growing 
focus on delivering quick, intuitive, and engaging e-commerce environments.

The Power of Social Media in Shaping Gen Z’s Purchasing Behavior

Social media play a vital role in shaping the Gen Z’s purchasing behavior, in-
fluencing nearly every aspect of their consumer journey (Erwin et al., 2023). 
Platforms like Instagram and TikTok have become pivotal to their product dis-
covery and decision-making processes, serving as key avenues through which 
Gen Z engages with brands and products (Haenlein et al., 2020). The ability to 
see products in real-life contexts and hear firsthand experiences from peers 
makes these platforms a powerful source of influence. User-generated content 
(UGC) and endorsements from micro-celebrities are particularly effective at 
guiding Gen Z’s purchasing decisions. This generation relies heavily on peer 
recommendations and social proof, trusting the experiences of people they can 
relate to over traditional advertising (Bhuwaneshwari, Hemasuruthi, 2023; 
Shetu, 2023). This trend reflects their desire for authenticity and relatabil-
ity in the content they consume. Moreover, influencers — especially those 
perceived as authentic and trustworthy — hold significant sway over Gen Z’s 
preferences, making their opinions a driving force in purchasing behaviors 
(Misron et al., 2024; Bhuwaneshwari, Hemasuruthi, 2023). For Gen Z, social 
media are not just a space for entertainment or communication; they play 
a crucial role on their entire consumer journey, shaping their decisions from 
start to finish (Gerasimova, 2024; Siregar et al., 2023). Platforms like YouTube 
and TikTok serve as essential tools for researching and assessing products, 
allowing Gen Z to review information, watch tutorials or hear the reviews 
before making a purchase (Erenia, Faustino, Morales, 2024). This ability to 
gather insights directly from fellow consumers or creators provides them 
with a sense of control over their buying process, reinforcing the importance 
of social media as a research tool. Beyond individual choices, the impact of 
social media extends to broader cultural and environmental trends, influenc-
ing the way Gen Z interacts with the world around (Bolton et al., 2013). For 
example, social media campaigns and influencer advocacy play an import-
ant role in raising environmental awareness in Gen Z who are increasingly 
inclined toward sustainable consumption practices (Anderson, 2021; Duong, 
Tran, 2024). This demonstrates the dual function of social media — they are 
both a marketing tool and a catalyst for social change, shaping the consumer 
attitudes toward sustainability and driving green purchase intentions (Tass, 
2025). Social media, therefore, have the power to influence the individual 
buying decisions and also foster a shift in societal values, pushing for more 
conscious consumerism (Mahoney, Tang, 2024).
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Materials & Methods

This research study aims to clarify the factors that determine the people’s inten-
tions to use social media to share content about their experiences. Given that 
social media are actually technological applications, our research study made 
use of the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) as 
a theoretical framework. The UTAUT2 theory was defined by Venkatesh, Thong, 
and Xu (2012). This theoretical model includes Performance Expectancy, Effort 
Expectancy, Social Influence, Facilitating Conditions, Hedonic Motivations, 
Habit, and Price Value in technology use as explanatory variables.

The main research objective was to identify the key predictors influenc-
ing the behavioral intention and actual use of social media by Generation 
Z based on the UTAUT2 (Unified Theory of Acceptance and Use of Technology) 
model. Our partial research goal was to determine the difference between 
the behavioral intention to use social media (Behavioral Intention) and the 
actual use (Use Behavior) of social media by Generation Z.

The factors of the UTAUT2 model were defined by Venkatesh et al. (2012, 
p. 159) as follows. Performance Expectancy is the extent to which an individ-
ual believes that the use of technology will help them achieve better results 
at work or study. Effort Expectancy is the extent to which an individual 
perceives the use of technology as easy and effortless. Social Influence is 
the extent to which an individual perceives that people they care about (e.g., 
colleagues, superiors, friends) think they should use technology. Facilitating 
Conditions are the extent to which an individual believes they have sufficient 
support (technical, organizational, knowledge) available to them to use the 
technology effectively, and Hedonic Motivation is the extent to which an 
individual perceives the use of technology as fun and enjoyable. Price Value 
is defined as the cognitive trade-off between the perceived benefits of an ap-
plication and the monetary cost of its use. In other words, it is about how the 
consumers perceive whether the price they pay for a technology or service is 
adequate to its benefits. Habit is the extent to which people tend to perform 
a particular behavior automatically as a result of learning. It is a repetitive 
behavior that becomes routine and requires minimal conscious effort. For 
research purposes, we did not use the Price Value construct because social 
media are used free of charge. The ownership of technology (smartphone, 
computer) can be considered as the only financial expense.

Based on the theoretical UTAUT2 model, we set the following research 
hypotheses:

	– H1: Based on the UTAUT2 model, we assume that Performance Effort 
has a significant impact on Behavioral Intention to use social media 
by Generation Z.
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	– H2: Based on the UTAUT2 model, we assume that Effort Expectancy 
has a significant impact on Behavioral Intention to use social media 
by Generation Z.

	– H3: Based on the UTAUT2 model, we assume that Social Influence has 
a significant impact on Behavioral Intention to use social media by 
Generation Z.

	– H4: Based on the UTAUT2 model, we assume that Facilitating Condi-
tions have a significant impact on Behavioral Intention to use social 
media by Generation Z.

	– H5: Based on the UTAUT2 model, we assume that Hedonic Motivation 
has a significant impact on Behavioral Intention to use social media 
by Generation Z.

	– H6: Based on the UTAUT2 model, we assume that Habit has a significant 
impact on Behavioral Intention to use social media by Generation Z.

	– H7: Based on the UTAUT2 model, we assume that Behavioral Intention 
has a significant impact on Use Behavior of social media by Generation 
Z.

	– H8: We assume that Social Influence has a significant impact on Use 
Behavior of social media by Generation Z.

	– H9: We assume that Hedonic Motivation has a significant impact on 
Use Behavior of social media by Generation Z.

	– H10: Based on the UTAUT2 model, we assume that Habit has a signifi-
cant impact on Use Behavior of social media by Generation Z.

	– H11: We assume that Facilitating Conditions have a significant impact 
on Use Behavior of social media by Generation Z.

We used structural equation modeling (SEM) with partial least squares 
(PLS-SEM) to evaluate the UTAUT2 model. We performed the calculations 
in SmartPLS 4.1.1.1 and followed the publications by Hair (2021) and Latan 
and Noonan (2017).

The total number of respondents in our research was N = 155. The re-
spondents were students from several universities in Slovakia aged 19 to 26. 
They were from Generation Z and studied Media and Communication. We 
determined the number of respondents using the inverse square root meth-
od. Assuming a significance level of 5% and a minimum path coefficient of 
0.2, the minimum sample size is calculated as nmin > (2.486 / 0.2)² = 154.505, 
which can be rounded up to 155. Our research set corresponds to this mini-
mum sample.



[123]User Perceptions of Social Media…

Results

Using SmartPLS software, we first examined the Measurement Model to 
assess the reliability and validity of data before testing the Structural Model.

Measurement Model

The Measurement Model, also called External Model in the context of PLS-
SEM (Partial Least Squares Structural Equation Modeling), describes the 
relationships between latent variables (constructs) and their measurements 
(indicators). In other words, it specifies how latent variables are measured 
using their indicators. The goal of the Measurement Model is to determine 
how well the indicators measure the relevant construct.

The UTAUT2 model is a reflective measurement model (Venkatesh et al., 
2012). This model assumes that indicators form a construct. First, we assessed 
the Internal Consistency Reliability, Convergent Validity, and Discrimination 
Validity of the Measurement Model.

Internal Consistency Reliability

We used the following metrics to assess Internal Consistency Reliability: 
composite reliability rhoA and rhoC, and Cronbach’s alpha. Internal Consis-
tency Reliability deals with the extent to which indicators measuring the 
same construct are related to each other.

Composite reliability (rhoA) is considered an important estimate of 
the reliability of construct scores in PLS-SEM. Currently, this is the only 
consistent reliability measure for the construct scores in PLS. A minimum 
value of 0.70 is recommended for rhoA. Values between 0.70 and 0.90 are 
considered satisfactory to good, while the values between 0.60 and 0.70 are 
acceptable in exploratory research. Values above 0.95 are problematic be-
cause they indicate that the indicators are redundant, reducing the validity 
of the construct (Hair et al., 2021; Dijkstra and Henseler, 2015). The same 
values are also used for the rhoC metric.

Cronbach’s alpha is another measure of Internal Consistency Reliability 
that assumes equal loadings of all indicators in the population (tau-equiva-
lence). A violation of this assumption may lead to lower reliability values com-
pared to rhoA. Nevertheless, even in the absence of tau-equivalence, Cronbach’s 
alpha has been shown to be an acceptable lower bound approximation of true 
internal consistency reliability (Bonett and Wright, 2015). The threshold values 
that apply to Cronbach’s alpha also apply to composite reliability rhoA and rhoC.

The results of assessment of Internal Consistency Reliability of the 
Measurement Model are presented in Table 1.
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Table 1: Internal consistency of reliability of the Measurement Model

Cronbach’s alpha Composite relia-
bility (rho_a)

Composite relia-
bility (rho_c)

Average variance 
extracted (AVE)

BI 0.881 0.917 0.943 0.893

EE 0.918 0.942 0.938 0.790

FC 0.729 0.762 0.843 0.642

HM 0.882 0.896 0.927 0.810

HT 0.796 0.852 0.878 0.709

PE 0.900 0.900 0.931 0.771

SI 0.870 0.879 0.920 0.794

USE 0.698 0.701 0.746 0.501

Convergent Validity

Several methods are used to assess Convergent Validity in reflective measure-
ment models in PLS-SEM, with Average Variance Extracted (AVE) being the 
dominant measure (Fornell and Larcker, 1981). Convergent Validity refers to 
the extent to which indicators (measured variables) that should theoretically 
be related are actually related. In other words, it verifies whether indicators 
of one construct actually measure the same underlying construct.

In general, an AVE value of 0.5 or higher is considered acceptable. This 
means that more than 50% of the variance in the indicators should be ex-
plained by the given construct (Latan and Noonan, 2017).

The results of assessment of Convergent Validity of the Measurement 
Model are presented in Table 1.

Discrimination Validity

Discrimination Validity refers to the extent to which a construct differs from 
other constructs in the model. In other words, we verify whether constructs 
that should be theoretically different are actually different statistically. Two 
criteria are used to assess Discrimination Validity in the reflective PLS-SEM 
measurement models (Voorhees et al., 2016): the Fornell-Larcker criterion 
(Fornell and Larcker, 1981) and the Heterotrait-Monotrait (HTMT) correlation 
ratio (Henseler, 2015).

The Fornell-Larcker criterion states that the average variance extracted 
(AVE) of a construct should be higher than its squared correlations with all 
other constructs in the model. If this condition is met for all constructs, it 
is assumed that adequate discriminant validity (Fornell and Larcker, 1981) 
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exists. Although the criterion was often used in the past, recent research 
suggests (Henseler, Ringle, and Sarstedt, 2015) that the Fornell-Larcker 
criterion is not suitable for reliably detecting the problems with discrim-
inant validity. Therefore, we decided to not assess Discrimination Validity 
according to this criterion.

The Heterotrait-Monotrait (HTMT) correlation ratio is more accurate 
for estimating the correlation between the factors. To distinguish between 
two factors, the HTMT should be statistically significantly less than 1. Some 
sources recommend a stricter limit, for example HTMT < 0.90 (Hair et 
al., 2021; Henseler, Ringle, and Sarstedt, 2015). The HTMT is considered 
a more informative criterion of Discrimination Validity compared to the 
Fornell-Larcker criterion. The HTMT value should be less than 0.90 for the 
proposed HTMT cutoff values for constructs that are conceptually very sim-
ilar. For constructs that are more conceptually distinct, a more conservative 
cutoff value of < 0.85 is recommended. A value above 0.90 would indicate 
an absence of Discrimination Validity.

The results of assessment of Discrimination Validity of the Measurement 
Model are presented in Table 2.

Table 2: Discrimination Validity of the Measurement Model (HTMT)

BI EE FC HM HT PE SI USE

BI

EE 0.234

FC 0.436 0.790

HM 0.486 0.442 0.857

HT 0.472 0.435 0.680 0.669

PE 0.778 0.241 0.372 0.404 0.423

SI 0.478 0.614 0.861 0.646 0.477 0.405

USE 0.627 0.536 0.785 0.739 0.880 0.448 0.760

To verify Discrimination Validity, we also performed a cross-loading 
assessment. Cross-loadings should be assessed to ensure that no indicator 
is incorrectly assigned to the wrong construct. Each indicator should have 
the highest loading on its assigned construct compared to its loadings on 
other constructs.

The results of assessment of Discrimination Validity of the Measurement 
Model with the help of cross-loadings are presented in Table 3.



[126] Tomáš Koprda, Milan Džupina, Györgyi Janková

Table 3: Cross-loadings

BI EE FC HM HT PE SI USE
BI1 0.958 0.279 0.442 0.472 0.419 0.686 0.440 0.505
BI2 0.932 0.183 0.267 0.350 0.315 0.625 0.351 0.293
EE1 0.149 0.871 0.534 0.312 0.373 0.127 0.490 0.343
EE2 0.139 0.859 0.505 0.306 0.249 0.194 0.404 0.276
EE3 0.327 0.926 0.644 0.469 0.460 0.297 0.590 0.517
EE4 0.159 0.899 0.554 0.337 0.362 0.167 0.517 0.372
FC2 0.188 0.731 0.781 0.428 0.475 0.210 0.530 0.421
FC3 0.443 0.407 0.838 0.715 0.431 0.376 0.561 0.509
FC4 0.237 0.477 0.783 0.516 0.417 0.144 0.573 0.386
HM1 0.467 0.390 0.650 0.929 0.607 0.366 0.556 0.524
HM2 0.403 0.394 0.673 0.922 0.467 0.317 0.537 0.502
HM3 0.307 0.365 0.604 0.846 0.505 0.292 0.437 0.464
HT1 0.396 0.511 0.654 0.661 0.892 0.338 0.517 0.558
HT2 0.331 0.072 0.223 0.279 0.706 0.282 0.131 0.276
HT3 0.287 0.403 0.430 0.481 0.913 0.287 0.379 0.651
PE1 0.633 0.188 0.297 0.347 0.288 0.869 0.284 0.230
PE2 0.607 0.309 0.355 0.299 0.386 0.884 0.357 0.252
PE3 0.593 0.178 0.238 0.283 0.254 0.924 0.301 0.247
PE4 0.610 0.180 0.248 0.342 0.319 0.833 0.315 0.282
SI1 0.385 0.614 0.637 0.521 0.497 0.327 0.900 0.563
SI2 0.367 0.582 0.652 0.523 0.437 0.317 0.923 0.511
SI3 0.380 0.335 0.547 0.478 0.207 0.313 0.849 0.415
USE1 0.346 0.500 0.608 0.582 0.570 0.180 0.577 0.859
USE2 0.359 0.149 0.143 0.177 0.441 0.340 0.169 0.650
USE3 0.227 0.221 0.310 0.313 0.244 0.135 0.356 0.587

Indicator Reliability

Assessing Indicator Reliability is an important step in evaluating the reflective 
measurement models, including the UTAUT2 model. Indicator Reliabili-
ty is assessed to determine how much of the variance in each indicator is 
explained by the construct it is intended to measure. Indicator loading is 
used to assess the reliability of an indicator. Indicator loading is the bivariate 
correlation between an indicator and a construct.

It is recommended that indicator loadings be higher than 0.708. (Hair 
et al., 2021). This criterion is based on the fact that the construct should ex-
plain more than 50 percent of the variance of the indicator (0.708^2 ≈ 0.501). 
Indicator readings above 0.708 therefore indicate an acceptable level of 
indicator reliability.
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We often encounter weaker indicator loadings (< 0.708) in the social 
sciences especially when using new scales (Hulland, 1999). In such cases, 
researchers should not automatically get rid of indicators, but rather care-
fully consider how their removal affects other measures of reliability and 
validity. In general, indicators with loadings between .40 and .708 should be 
considered for removal only if removing the indicator results in an increase in 
Internal Consistency Reliability or Convergent Validity. However, indicators 
with very low loadings (below 0.40) should always be eliminated from the 
Measurement Model (Hair, Hult, Ringle, & Sarstedt, 2022).

The results of the Indicator Reliability assessment are presented in 
Table 4.

Table 4: Indicator Reliability – Indicator loadings

BI EE FC HM HT PE SI USE
BI2 0.958
BI3 0.932
EE1 0.871
EE2 0.859
EE3 0.926
EE4 0.899
FC2 0.781
FC3 0.838
FC4 0.783
HM1 0.929
HM2 0.922
HM3 0.846
HT1 0.892
HT2 0.706
HT3 0.913
PE1 0.869
PE2 0.884
PE3 0.924
PE4 0.833
SI1 0.900
SI2 0.923
SI3 0.849
USE1 0.859
USE2 0.650
USE3 0.587
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Structural Model

In the context of structural equation modeling (SEM) and specifically in 
PLS-SEM, a Structural Model represents the part of a complex model that 
specifies the relationships between constructs (latent variables). Unlike the 
Measurement Model, which defines the relationships between latent con-
structs and their measured indicators, a Structural Model focuses on causal 
or predictive relationships between the constructs themselves (Hair et al., 
2021). A Structural Model shows how one or more constructs are hypothe-
sized to influence other constructs. These relationships are represented by 
directional arrows in the model diagrams where an arrow pointing from 
construct A to construct B indicates that A is hypothesized to be the predictor 
or causal variable and B is the dependent or affected variable.

There are two main types of latent variables in structural equation 
models (SEM): exogenous and endogenous latent variables. Exogenous latent 
variables are constructs that only explain other constructs in a given model. 
In other words, they are independent variables in a structural model. Endog-
enous latent variables are constructs that are explained by other constructs 
in a given model. They can serve as dependent variables.

When evaluating the structural model, we first assessed collinearity, 
followed by the examination of significance and relevance of the path coef-
ficients, and lastly, we evaluated the coefficient of determination (R²).

Collinearity

Before evaluating the relationships between constructs, it is important to 
assess potential issues with multicollinearity among the predictive con-
structs. Assessing collinearity in a structural model refers to detecting high 
correlation between the predictor constructs (latent variables or composites) 
that influence an endogenous construct. High collinearity can make it diffi-
cult to interpret the individual contribution of each predictor to explaining 
variance in the dependent variable (Latan and Noonan, 2017). We assessed 
collinearity using the Variance Inflation Factor (VIF) values.

The strictest threshold for VIF values is less than 5. It is often recom-
mended to ensure that multicollinearity does not significantly affect the 
regression results. A VIF value of less than 5 indicates that the variance of 
the regression coefficients is slightly higher, but the impact on the reliability 
of the estimates is minimal (O’Brien, 2007).

The results of the Collinearity assessment are presented in Table 5.
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Table 5: Variance Inflation Factor (VIF) 

VIF

BI -> USE 1.348

EE -> BI 1.888

FC -> BI 3.255

FC -> USE 2.771

HM -> BI 2.424

HM -> USE 2.411

HT -> BI 1.690

HT -> USE 1.652

PE -> BI 1.232

SI -> BI 2.151

SI -> USE 2.039

Significance and Relevance of relationships  
between constructs (Path Coefficients)

Path Coefficients in the Structural Model are standardized regression coeffi-
cients that indicate the direction and strength of the linear relationship be-
tween two latent variables (constructs) or composites in a structural equation 
model (Latan and Noonan, 2017, p. 103). In the context of PLS-SEM, these 
coefficients quantify the direct effect of one construct on another within 
a specified structural model.

The values of Path Coefficients range from -1 (strong negative relation-
ships) to +1 (strong positive relationships) and determine the direction of 
the relationship. A positive Path Coefficient means that as the value of the 
predictor construct increases, the value of the dependent construct also in-
creases, assuming the other variables in the model are constant. A negative 
Path Coefficient means that as the value of the predictor construct increases, 
the value of the dependent construct decreases, assuming the other variables 
are constant.

The strength of the relationship is determined by the absolute value of 
the coefficient, which indicates the strength of the effect. A coefficient clos-
er to +1 or -1 represents a stronger relationship and a coefficient closer to 0 
indicates a weaker relationship. Since Path Coefficients are usually standard-
ized in PLS-SEM (variables have a mean of 0 and a standard deviation of 1), 
they allow for a direct comparison of the strength of the effects of different 
predictor constructs on the same dependent variable. Bootstrapping (Hair 
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et al., 2021) is commonly used in PLS-SEM to assess whether the estimated 
path coefficient is statistically significant (i.e. whether it is highly likely to 
differ from zero in the population).

Bootstrapping is a nonparametric method used to estimate the standard 
errors of Path Coefficients and to determine their p-values and confidence 
intervals. If the confidence interval does not contain a zero and the p-value 
is lower than the chosen significance level (e.g. 0.05) or the t-value is greater 
than 1.96, then the Path Coefficient is statistically significant. We validated 
our hypotheses with the bootstrapping method.

The results of Path Coefficients are presented in Table 6.

Table 6: Path Coefficients in the Structural Model

Original 
sample (O)

Sample 
mean (M)

Standard 
deviation 
(STDEV)

T statistics 
(|O/STDEV|) P-values

PE -> BI 0.587 0.585 0.041 14.255 0.000

SI -> BI 0.141 0.138 0.064 2.210 0.027

HM -> BI 0.125 0.125 0.065 1.932 0.053

HT -> BI 0.073 0.075 0.058 1.242 0.214

FC -> BI 0.013 0.013 0.065 0.193 0.847

EE -> BI -0.068 -0.060 0.061 1.104 0.269

HT -> USE 0.370 0.371 0.072 5.109 0.000

SI -> USE 0.249 0.248 0.071 3.518 0.000

BI -> USE 0.115 0.111 0.054 2.155 0.031

HM -> USE 0.089 0.088 0.062 1.434 0.152

FC -> USE 0.075 0.083 0.075 1.008 0.313

The coefficient of determination, denoted as R², is used in the context of eval-
uating a structural model in PLS-SEM to assess the amount of variance of an 
endogenous (dependent) variable (construct) that is explained by its predic-
tor variables in the model. In other words, R² indicates how well the predictor 
constructs together explain the variability in the dependent construct.

The R² value ranges from 0 to 1 where: if R² = 0, the model explains 
no part of the variance in the endogenous variable, and if R² = 1, the model 
perfectly explains all the variance in the endogenous variable. Higher R² val-
ues indicate better explanatory power of the model for a given endogenous 
variable. Conversely, lower R² values mean that the model explains a smaller 
portion of the variance, and thus the other unincluded factors may signifi-
cantly influence the dependent variable.
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Graph 1: Model in SmartPLS

Evaluation of the Coefficient of Determination (R²)

In general, however, there are no strict universal border values for “good” 
R². The adequacy of R² depends on the research context, complexity of the 
model and the examined discipline. In some areas of social sciences, an R² of 
around 0.20 may be considered acceptable, while in others significantly higher 
values are expected. Latan and Ghozali (2015) suggest that R² values between 
0.425 and 0.507 can be considered “approaching material”. Hair, Ringle and 
Sarstedt (2011) suggest that the following guideline values are often used in so-
cial sciences for assessing R²: 0.75 is considered to have substantial explanatory 
power, 0.50 moderate explanatory power, and 0.25 weak explanatory power.

The resulting coefficient of determination R² is presented in Table 7.

Table 7: Coefficient of determination (R²)

Original sam-
ple (O)

Sample mean 
(M)

Standard 
deviation 
(STDEV)

T statistics 
(|O/STDEV|) P-values

BI 0.541 0.548 0.044 12.287 0.000

USE 0.510 0.524 0.051 9.951 0.000
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Discussion

The results of the analysis of hypotheses according to the UTAUT2 model 
show that Performance Effort significantly positively influences Behavioral 
Intention (H1: β = 0.587, SE = 0.041, t = 14.255, p < 0.001), indicating a strong 
relationship.

However, Effort Expectancy does not show a statistically significant 
relationship with Behavioral Intention (H2: β = -0.068, SE = 0.061, t = 1.104, 
p = 0.269), indicating that the effort expended on using social media does 
not play a significant role in this case.

Social Influence has a positive and statistically significant – although 
weak – effect on Behavioral Intention (H3: β = 0.141, SE = 0.064, t = 2.210, 
p = 0.027) to use social media.

On the other hand, the effects of Facilitating Conditions are very weak 
and statistically insignificant (H4: β = 0.013, SE = 0.065, t = 0.193, p = 0.847).

Hedonic Motivation has a slightly positive relationship with Behavioral 
Intention, but the relationship did not reach statistical significance (H5: 
β = 0.125, SE = 0.065, t = 1.932, p = 0.053).

Habit also does not show a significant effect on Behavioral Intention 
(H6: β = 0.073, SE = 0.058, t = 1.242, p = 0.214).

Behavioral Intention has a weak but statistically significant positive 
effect on Use Behavior (H7: β = 0.115, SE = 0.054, t = 2.155, p = 0.031).

Social Influence (H8: β = 0.249, SE = 0.071, t = 3.518, p < 0.001) and Habit 
(H10: β = 0.370, SE = 0.072, t = 5.109, p < 0.001) also significantly positively 
influence the Use Behavior, while the influence of Habit can be described 
as moderately strong.

On the contrary, Hedonic motivation has a weak and statistically insig-
nificant effect on the actual Use Behavior (H9: β = 0.089, SE = 0.062, t = 1.434, 
p = 0.152), as do Facilitating Conditions (H11: β = 0.075, SE = 0.075, t = 1.008, 
p = 0.313).

In the research, we examined the preference and frequency of use of 
individual social media. The respondents expressed their opinions on a scale 
from 1 to 7 (never - always). The results indicated a gradual decline of Face-
book in this Generation (Mean: 3.75). TikTok and YouTube have averages 
values of 4.41 and 4.67. Instagram is close to the “always” answer (Mean: 6.26). 
The results are presented in Table 8 and graphically in Graph 2.
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Table 8: Social media usage rate

Facebook Instagram TikTok YouTube

N
Valid 155 155 155 155

Missing 0 0 0 0

Mean 3.75 6.26 4.41 4.67

Std. Error of Mean .16 .11 .21 .14

Median 3.00 7.00 5.00 5.00

Std. Deviation 2.02 1.32 2.55 1.77

Minimum 1.00 1.00 1.00 1.00

Maximum 7.00 7.00 7.00 7.00

Graph 2: Social media usage rate – means

Results from other studies (Petropoulos Petalas et al., 2021) suggest 
that (Gen Z) teens used social media platforms (mean 3.27) more than young 
adults (mean 3.87). It was also found that younger users have more followers 
on platforms like Instagram and Snapchat, while young adults have more 
followers on Facebook. This suggests that Generation Z is engaging more 
actively and diversely on social media compared to the previous generations. 
The research used a four-wave panel survey on a representative national 
sample of 3,669 participants divided into two age groups: adolescents (aged 
12-17) and young adults (aged 18-25). Further research (Pérez-Escoda et al., 
2021) suggests that Generation Z prefers platforms such as Spotify, TikTok, 
Snapchat, and Twitch over Facebook and Twitter, which are more popular 
among millennials. Plus, they are heavy consumers of social media and often 
use them for real-time information, and they do not consider traditional 
media to be authoritative. Unlike previous generations, Gen Z is actively 
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involved in content creation and production and perceives the established 
news sources and social media influencers as equally trustworthy. This shift 
reflects their unique relationship to technology and information consump-
tion. This trend was also confirmed in our results.

Overall, we can conclude that Performance Effort, Social Influence, and 
Habit play a significant role in explaining the intention to use and the actual 
use of social media in the investigated UTAUT2 model, while Effort Expec-
tancy, Hedonic Motivation, and Facilitating Conditions are less relevant or 
statistically insignificant in this context.

Behavioral Intention was examined in the UTAUT2 model and the results 
show that the predictors used in the model explain 54.1% of the variance in 
Behavioral Intention, which is a statistically significant result (R² = 0.541, SE 
= 0.041, t = 12.287, p < 0.001). This result suggests that the UTAUT2 model can 
significantly predict the individuals’ Behavioral Intention to use social media.

Regarding Use Behavior, the UTAUT2 model explains 51.0% of the vari-
ance in technology use (R² = 0.510, SE = 0.051, t = 9.951, p < 0.001), which 
also represents a statistically significant result. This means that the variables 
in the model sufficiently explain the actual social media use by Generation Z.

Overall, we can conclude that both dependent variables (“Behavioral 
Intention” and “Use Behavior”) are well explained by the variables used in 
the UTAUT2 model, while the achieved values of the coefficients of determi-
nation (R²) indicate a very good explanatory power of the model.

Conclusion

The research study aimed to identify the key factors that influence the inten-
tion and actual use of social media by Generation Z in Slovakia. The authors 
of this study used the theoretical framework of the UTAUT2 model, which 
allows for the analysis of the adoption of digital technologies with the help of 
various behavioral and motivational variables. The research sample consisted 
of 155 respondents aged 19 to 26, all students of Media and Communication 
at Slovak universities. Using the structural equation modeling method (PLS-
SEM), the hypotheses about the influence of individual factors on Behavioral 
Intention and Use Behavior of social media were tested. The results showed 
that the most significant predictor of the intention to use social media was 
Performance Expectancy, which had a strong positive and statistically signif-
icant effect. Even Social Influence had a statistically significant, albeit weaker, 
effect. Conversely, factors such as Effort Expectancy, Hedonic Motivation, 
Habit, and Facilitating Conditions were found to be statistically insignificant 
in relation to Behavioral Intention. When analyzing actual social media Use 
Behavior, it was found that Habit has the most significant influence, followed 
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by Social Influence and Behavioral Intent. However, Hedonic Motivation and 
Facilitating Conditions again did not show a statistically significant effect. 
The UTAUT2 model was able to explain 54.1% of the variability in Behavioral 
Intention and 51% in Use Behavior, which indicates its high predictive ability 
in the context of the phenomenon under review. The research also showed 
that Instagram dominates among social media platforms and is used most 
frequently. TikTok and YouTube were medium popular, while Facebook is 
on a downward trajectory among this generation. The results point to a shift 
in communication and media preferences in Generation Z, which favors fast, 
visual, and interactive platforms.

Overall, the study confirms that Performance Expectancy, Social Influ-
ence, and Habit are key variables in the adoption and use of social media by 
the young generation. On the contrary, aspects such as effort, fun, or technical 
conditions play a lesser or no significant role. The results are a valuable con-
tribution for experts in the fields of Media Communication, Marketing, and 
Education, as they offer a deeper insight into the digital behavior of a gen-
eration that will increasingly determine the future development of society.

The publication was supported by the KEGA project no. 023UKF-4/2024 Innovative 
education and development of consumer, information, and media (SIM) literacy 
in young adults in the European area.
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Abstract
Social media currently play a key role in the lives of young people, especially in 
members of Generation Z who have grown up in a digitally connected world. This 
generation is characterized by a high level of digital literacy, constant online presence 
and a strong proclivity towards mobile technologies. This paper presents the results 
of research focused on the attitudes and perceptions of social media in this genera-
tion, with a focus on students of Media and Communication Studies in Slovakia. It 
examines the extent to which factors such as Performance Effort, Effort Expectancy, 
Social Influence, Facilitating Conditions, Hedonic Motivation, Habit, and Behavioral 
Intention affect perceptions of use of the most widely used social media.

The results of the study provide valuable insights into how Generation Z in-
teracts with social media and what motives drive them to engage in this interaction. 
Given their impact on the market, the media and social events, this knowledge is 
significantly beneficial for experts in the fields of marketing communications, media 
and education.

Keywords: behavioral intention, attitudes, UTAUT2, Generation Z
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