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Abstract 

The emergence of new integrated forms of ubiquitous computing devices, allied with the 

proliferation of fluid multidevice platforms, has blurred the traditional boundaries between 

stationary and mobile information systems. This significant technological evolution has 

emerged in the form of ubiquitous media systems (UMSs) – a new and complex form of 

connected information technology (IT) artifact that encapsulates various functions and 

provides access to fluid information across a variety of channels, enabling users to accomplish 

a multitude of tasks and interact fluidly in a ubiquitous ecosystem. Such transformation has 

engendered an urgent need to revisit our understanding of technology usage through the lens 

of theories that encompass the multifaceted nature of ubiquitous systems. Relying on a media 

system perspective, this study investigates the role of individual media dependency in 

predicting continuance intention to use UMSs. The data collected from 150 UMS users were 

used to test the developed conceptual model. These results confirmed the overall effect of 

UMSs dependency on individuals’ reasoned continuance usage decision. The findings suggest 

that the level of dependency toward a UMS raises the perceived positive attributes about the 

system: perceived usefulness and perceived ease of use; as well as the cognitive appraisal 

about the discrepancies between initial expectations and postuse performance. Theoretical and 

practical implications developed from these findings are then discussed. 
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Introduction 

As of 2014, the total number of all the types of mobile-connected devices has exceeded the 

world’s population and is forecasted to reach 1.5 devices per human being in 2019 [1]. The 

pace of the emergence and mainstream adoption of new forms of ubiquitous computing 

devices such as smartphones, tablets, “phablets,” smart TVs, and smartwatches has not ceased 

gaining momentum – marking an evolutionary step in the ubiquitous computing trend [2]. The 

extinction of traditional mobile phones and the proliferation of fluid multidevice platforms 

such as iOS, Android, and Windows 10 have blurred the traditional boundaries between 

stationary and mobile information systems (ISs) – creating highly competitive and complex 

digital ecosystems composed of network operators and device manufacturers, as well as 

software, content, and service providers [3–11]. 

This dissolution of the traditional segmentation of computing contexts represents a 

remarkable shift in the fundamental temporospatial nature of information technology (IT) 

artifacts [12,13]. Indeed, individuals are gradually unable to perceive their mobile and 

nonmobile devices as single independent entities, but rather as an evolving collection of 

interconnected devices that are progressively playing a major role in their daily lives [14,15]. 

This significant technological evolution has given birth to a new and complex form of 

connected IT artifact, ubiquitous media systems (UMSs), that encapsulates multiple functions 

and provides information access across a variety of channels; allowing users to accomplish a 

multitude of tasks and interact fluidly in a ubiquitous ecosystem [4,16,17]. 
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The emergence of fluid and evolving technoecosystems poses important challenges and 

opportunities for IS theory and practice. By gradually blurring physical, social, and temporal 

boundaries, UMSs allow the delivery of new as well as existing online products and services 

through a multitude of interconnected channels, in addition to radically novel and unthought-

of opportunities for digital business [18–20]. 

As information access becomes fully ubiquitous and the utilitarian as well as the hedonic 

functionalities of those devices increase, users become more dependent on the affordances 

provided by these fluid technoecosystems [7,21]. As a result, there is a need to understand the 

role that dependency plays on user behavior in ubiquitous ecosystems [11,21]. 

Media system dependency (MSD) theory offers an untrodden path to explore user dependency 

in the specific context of UMSs [22–24]. Specifically, the microlevel of MSD theory, known 

as individual media dependency (IMD) theory provides a robust foundation to assess an 

individual’s dependency relations with regard to a specific media [25,26]. Although MSD 

theory is quite diffused in the field of mass communication research [23,25,27], it has 

attracted quite limited attention from the IS discipline [11,28]. 

During the past two decades, the growing number of cases of Internet and video-game-related 

behavioral disorders has made scientists aware of the negative facet of technology 

dependency: IT addiction. Recent research shows that this is a primary psychopathology that 

should be recognized as a clinical disorder [29]. Early research efforts, particularly in the field 

of cyberpsychology, have shed some light on the specifics of technology dependency [30–32]. 

Only recently it has been shown, however, that technology dependency has raised the 

curiosity of IS scholars who have focused primarily on IT addiction. IS research has explored 

technology dependency in a variety of contexts such as online auctions [21], online games 

[33], social networking sites [34], or smartphones [35]. More specifically, the literature has 
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provided some indication that technology dependency can influence an individual’s reasoned 

IT usage decisions by distorting various systems’ perceptions [7,21]. As a result, in a world 

where >80% of the population uses a mobile device [10] and where smartphone usage has 

been increasingly permeating the daily life of human beings [15], the IT dependency 

phenomenon appears to be particularly salient in the mobile device context [35]. This research 

study builds on the stream of IS research that has investigated the role played by IT 

dependency in influencing individuals’ reasoned IT usage decisions [7,21]. 

However, in line with the core assumptions of MSD theory, this research argues that 

technology dependency has an unexplored facet that is utilitarian in nature. Although 

addiction explains individuals’ “psychological dependency” on media, which is irrational and 

compulsive, this work aims to explain “utilitarian dependency” on media (media 

dependency), which is a rational and goal-directed phenomenon. Moreover, this paper adopts 

an alternative research focus by emphasizing the fact that dependency is a mental state that 

builds and evolves over time and through prolonged usage. Given this, and the fact that the 

study of technology dependency appears to be particularly pertinent in postadoption and 

prolonged usage settings [11,21], this research paper uses an IS continuance theoretical lens 

[36]. Based on a utilitarian view of dependency, and considering the dual nature that 

characterizes multimedia devices (IT artifacts and multimedia systems), incorporating an IMD 

perspective [25,26] within the IS continuance model [36] can provide a more encompassing 

approach to investigate continuance usage intention in the UMS context. This paper aims to 

shed light onto the role of IMD in predicting continuance intention (CI) to use UMSs. 

In order to achieve such a goal, this research paper develops and validates a research model 

that combines MSD theory [23,24,37] with the IS continuance model [36]. In the next section, 

the theoretical foundations are described. This is followed by the introduction of the 
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conceptual model and the development of the associated hypotheses. Then, research 

methodology, data analysis, and results are presented. The paper wraps up with a conclusion 

and recommendations for future research. 

Literature review and theoretical background 

This section aims to provide a theoretical background on the key bodies of the literature in 

which this research was anchored: the development of ubiquitous computing, MSD, and 

expectation–confirmation theories (ECTs). 

Temporospatial Expansion of IS and Media Convergence 

The temporospatial expansion of IS is deemed to be a product of the developments in wireless 

data access and technology portability [13,38]. Figure 1 represents graphically the expansion 

of temporospatial availability of ISs: the two perpendicular axes represent time and space, 

while the sinuous line represents the movement of an individual in the temporospatial 

continuum. The light gray areas represent locations in time and space where IS support is not 

available, while the dark gray areas represent places where IS support is available. The area 

bounded by large dashed lines represents physical boundaries (in this example “home,” 

“work,” and “Internet kiosk” are used), while the dotted line around the dark gray area 

represents a virtual boundary – delimitating areas where information can be accessed and IS-

assisted tasks can be accomplished. Finally, the white elliptical areas represent instances when 

and where tasks supported by IS are performed – checking e-mail is used as an example in the 

figure for illustrative purposes, but the same rationale could be applied to an array of hedonic 

and utilitarian IS-supported tasks such as web browsing, chatting, or posting and exchanging 

pictures or video content. 

In order to illustrate the evolution of IS, Figure 1 also shows three distinct stages: Figure 1 

(A) represents a “stationary stage” where individuals can only access their e-mail within the 



 

 

7 

 

 

boundaries of the workplace. Figure 1 (B) represents the introduction of wired “network” 

capabilities and the creation of a virtual boundary that merges with the existent physical 

boundaries, allowing the user to access their e-mail from “work,” “home,” or an “Internet 

kiosk,” Finally, Figure 1 (C) represents the introduction of the “ubiquitous” stage that 

substantially increases the accessibility of information in the temporospatial continuum. 

In each evolutionary stage, there is an increment of temporospatial availability of IS support – 

showing the increment of the dark gray area (Figure 1). In the “stationary” stage, the ability to 

have the support of IS to undertake tasks was quite limited and confined to the boundaries of 

the workplace. On the other hand, in the “networked” stage, users had to search for some 

physical location (in this example represented by the Internet kiosk) where network access 

was available beyond the physical boundaries of the workplace. In the “ubiquitous” stage, 

information access is continuous other than a few areas (represented in light gray) where 

connected IS support is not available (e.g., no network coverage in a building basement). 

Perhaps the few light gray areas remaining in Figure 1 (C) should be colored in black and 

called as “black holes” to better illustrate the absence of the ability to access information. 

As shown in the example, the development of wireless data access and technology portability 

made possible the emergence of a ubiquitous environment that enables continuous connected 

IS support to individuals [39,40]. Although this new reality broke the traditional boundaries 

of stationary ISs, it initially created a partition between stationary and mobile systems. As a 

result, for more than a decade, mobile and nonmobile devices, software, and applications have 

evolved as  

Only recently, the extinction of the traditional mobile phone and emergence of new integrated 

forms of ubiquitous computing devices (e.g., smartphones, tablets, “phablets,” smart TVs, and 

smartwatches), alongside advances in cloud computing and the proliferation of fluid 
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multidevice platforms (e.g., iOS, Android, and Windows 10) have blurred the preexisting 

boundaries between stationary and mobile ISs [7,10,11]. 

This combination of media convergence and ubiquitous environments not only facilitated the 

rise of a highly complex digital ecosystems but also engendered a remarkable shift in the 

fundamental nature of IT artifacts – from stand-alone independent devices to UMSs 

[4,7,10,11]. UMS can be defined as a complex form of multipurpose, multicontext, connected 

IT artifact that uses an evolving collection of interconnected devices and encapsulates various 

functions, providing access to fluid information across a variety of channels and allowing 

users to accomplish a multitude of tasks and interact fluidly in a ubiquitous digital ecosystem 

[4,15–17]. 

Although the increasing ubiquity and the utilitarian and hedonic functionalities of UMS 

devices provide incredible value to its users, they also engender a degree of technological 

dependency on the affordances provided by these fluid media systems [7,21]. As a result, it 

seems sensible to explore the notion of UMS dependency from a media system perspective. 

The following section presents MSD theory. 

Media System Dependency 

In the past, MSD theory has been used to investigate dependency relationships through mass 

communication channels such as television [25,41,42], radio, and newspapers [26,43]. During 

the past 10 years, some studies have revisited MSD in relation to the use of the Internet [44–

47]. More recently, it has been used to investigate dependency relationships with IT health-

care services [48], mobile technology [11], and IS work performance [49]. MSD theory 

defines dependency as a “relation between individuals’ goals and the extent to which these 

goals are contingent upon the resources of the media system [in which] those resources have 

the capacities to create and gather, process and disseminate information.” [23] Hence, 
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dependency relations are goal oriented and the scope and intensity of the goals directly 

influence the strength of the dependency relationships between the user and the media 

[24,50]. 

IMD theory derives from MSD theory and provides concrete means to assess individual-level 

dependency relations with regard to a specific media [25,26]. In line with use and gratification 

research [51], IMD theory assumes that the extent to which a media is capable of fulfilling a 

person’s needs and expectations, will stimulate dependency relations with the media per se 

which, in turn, influence usage patterns and media selection [25,26]. This research relies on 

the same assumption with regard to UMSs – a dependency relation between a person and a 

UMS develops proportionally to the extent it is able to fulfill this person’s needs and 

expectations; in turn, the level of dependency influences the extent to which this individual 

will use such technology. In line with IMD theory, this research defines UMS dependency as 

the extent to which an individual’s capacity to reach his or her objectives depends on the use 

of his/her UMS [23,25,52]. 

According to IMD theory, there are six levels of dependency relations between an individual 

and a media system [23,25,27]. As shown in Table 1, these levels can be represented as the 

product of three distinct goals: understanding, orientation, and play; and two different goal 

targets: personal and social. Understanding refers to the need of individuals to gain a basic 

understanding of themselves and to understand their social environment (including the 

perception of everyone’s role in society). Orientation relates to the need one has to make 

behavioral decisions and to have guidance for interacting well with other people. Play 

pertains to the capacity of the media to provide an individual the mechanisms for relaxing and 

releasing stress when he or she is alone or accompanied by others. 
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A stream of research has used the term “technological addiction” referring to particular 

psychological states that cause behaviors such as obsessive–compulsive use of technology 

[53–55]. Turel et al. [21] defines it as a psychological state of maladaptive dependency on the 

use of a technology engendering typical behavioral addiction symptoms such as salience, 

withdrawal, and conflict. For instance, some research has demonstrated the mediating role of 

addiction in explaining the influence of cognitive absorption on usage continuance and 

spending intentions in the context of goal-oriented virtual worlds [56]. In the online auction 

context, Turel et al. [21] showed that a user’s level of addiction influences the reasoned IT 

usage decisions of this individual by “distorting various systems’ perceptions” (p. 1044). 

This research argues that psychological dependency, often referred to as “addiction” in IS 

research, is only one side of the coin: the MSD stream of research has demonstrated that 

dependency also has a utilitarian and goal-oriented facet. Although the two concepts may be 

structurally or causally related (a research issue that is worth investigating but that goes 

beyond the scope of this research paper), utilitarian dependency and psychological 

dependency are distinct concepts, thus potentially producing different effects on human 

beings. Although addiction explains individuals’ “psychological dependency” on media, 

media dependency explains “utilitarian dependency” on media. Table 2 highlights the 

differences that exist in the conceptual definitions of the two notions but also in terms of their 

impact on individuals. As a consequence, this research paper’s viewpoint is that they may 

influence individuals’ reasoned IT usage decisions in unique ways. 

 

Because of its utilitarian nature, dependency tends to focus on the more positive consequences 

of the use of technology. However, because of its obsessive–compulsive nature, addiction 
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focuses on the more negative effects. In addition, it is important to notice that, while possible 

in extreme cases, addiction is not necessarily a consequence of dependency [63]. 

Unfortunately, this utilitarian facet of the dependency phenomenon is still unexplored in IS 

research. It is only through the understanding of both dependency types, and also of their 

interplay and interaction, that researchers will develop an encompassing understanding of 

how technology dependency relations develop and influence human behavior. The next 

section provides a succinct background on IS continuance research. 

IS Continuance Research 

Understanding individuals’ intention to continued usage of IT after its initial adoption has 

been an area of high interest for the IS research community [64]. An in-depth analysis of 

articles published in the AIS basket of eight journals1 in the past 20 years revealed that the 

most widely acknowledged and empirically validated depiction of the IS continuance 

phenomenon is Bhattacherjee’s conceptual model [36]. According to the IS continuance 

model, the congruence between initial expectations and actual performance (confirmation) 

affects both perceived usefulness (PU, embodying expectations) and user satisfaction. In 

addition, PU influences satisfaction, which in turn determines CI (see Figure 2). 

 

The theoretical foundations of the IS continuance model are grounded in ECTs. In the 

marketing literature, ECT is also called “disconfirmation of expectations” theory and the 

confirmation construct can also be labeled “disconfirmation.” [36,65,66] The key difference is 

that confirmation is positively related to satisfaction because it implies realization of the 

                                                      

1 http://aisnet.org/?page=SeniorScholarBasket 

http://aisnet.org/?page=SeniorScholarBasket
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expected benefits of use, while disconfirmation (perceived performance lagging expectation) 

denotes failure to achieve expectation [36]. 

A review of the existent body of the literature revealed the existence of three broad categories 

of papers that used the IS continuance model. The first group consists of studies whose main 

focus is on “CI” as the dependent variable and that aimed at extending the full model or a 

subset of it (e.g., [67–70]). This research paper falls within this category. The second group of 

studies adopted some of the constructs defined in Bhattacherjee’s model when investigating a 

phenomenon, that is, different from IS continuance: in short, the dependent variable was not 

“CI” (e.g., [71–74]). Finally, the third cluster of studies (e.g., [75–78]) used general 

findings/implications from Bhattacherjee [36] to support certain assertions in their theoretical 

development – for example, to highlight the importance played by “satisfaction” to determine 

future usage of a service, to confirm that affective factors (such as attitude) influence 

continuance decisions, or merely to state that the continued use of a system determines its 

long-term viability and success. 

Research Model and Hypotheses 

Figure 3 presents the conceptual model. It aims at explaining how dependency affects UMS 

continuance usage intentions by hypothesizing that the level of dependency toward a UMS 

raises the perception of positive attributes (PU and perceived ease of use (PEOU)) as well as 

the cognitive appraisal about the discrepancies between initial expectations and postuse 

performance (confirmation) [11,21,23,36]. 

 

Theoretical boundaries 

Each time a theoretical model is developed, it is essential to precisely delineate its bounding 

assumptions as it directly determines the application domain of the model [79]. In this paper, 
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the novelty of the conceptual boundaries of the IT artifact rendered this step even more 

critical. As a result, caution was taken to define the boundary conditions of the conceptual 

model. UMS is conceptualized as a cluster of connected devices that individuals interact with 

for the purpose of accomplishing an array of IS-supported tasks in their daily life. The 

pertinence of defining such a new and complex form of IT artifact is justified by the gradual 

perceptional shift among users that tasks and services are no longer performed by a set of 

independent IT artifacts, but rather by an evolving cluster of interconnected devices that 

provide fluid access to information. More precisely, this research paper focuses on the 

interactions between individuals and the nodes that characterize UMSs. In other words, the 

developed research model is intended to be valid in the context of UMS devices. 

Model development 

The theoretical logic of the conceptual model, grounded in both the IS continuance model and 

IMD theory, relies on the assertion that the preacceptance phase of a UMS – characterized by 

initial expectations (t1) and perceived performance (t2) – is followed by a cognitive appraisal 

of the expectation performance discrepancy (confirmation). Both confirmation and 

dependency are hypothesized to have an influence on usage-related behaviors. 

In line with Bhattacherjee’s [36] argument, it is posed that the preacceptance variables are 

embedded within the confirmation and satisfaction constructs. In addition, the IS continuance 

model captures expectations through the notion of PU [80] relying on the assumption that it is 

the sole belief that affects user intention at various temporal stages of IS use [36]. As a result, 

the constructs from the IS continuance model and their associated hypotheses (H1, H2, H3, H4, 

and H5) are preserved from the original model. 

H1: The level of confirmation resulting from usage experiences with a UMS has a positive 

effect on the level of PU. 
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H2: The level of confirmation resulting from usage experiences with a UMS has a positive 

effect on the level of satisfaction. 

H3: The level of usefulness perceived from usage experiences with a UMS has a positive 

effect on the level of satisfaction. 

H4: The level of usefulness perceived from usage experiences with a UMS has a positive 

effect on CI. 

H5: The level of satisfaction resulting from usage experiences with a UMS has a positive 

effect on CI. 

The notion of integrating PEOU within the IS continuance model has been recently promoted 

as a way of tapping into another important facet of users’ expectations toward IT artifacts. 

Empirical evidence has emerged from the literature about the positive effect exerted by 

confirmation on PEOU [81–85]. As a consequence, the hypothesis that follows was derived: 

H6: The level of confirmation resulting from usage experiences with a UMS has a positive 

effect on the level of PEOU. 

The literature has also provided indications about the existence of a positive link between 

PEOU and satisfaction [81,83,84,86–88]. The following hypothesis is posed: 

H7: The level of ease of use perceived from usage experiences with a UMS has a positive 

effect on the level of satisfaction. 

Earlier studies on IS research [89,90] stressed the need for identifying important predictors of 

the two proximal beliefs, PEOU and PU, from the technology acceptance model (TAM) [91]. 

A range of construct types was then examined in the literature. This includes system 

characteristics [92,93], task-technology fit, [94] emotional states [95], cognitive factors such 

as trust, [96] and cognitive absorption,[97,98] as well as individual differences such as 

computer anxiety [99] and computer self-efficacy [100]. Within the IT dependency stream of 
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IS research, the psychological facet of dependency, that is, IT addiction, has been shown to 

influence reasoned IT usage decisions by altering the users’ belief systems embodied in the 

constructs of PU and PEOU [21]. The authors argue that technology dependency, perceived as 

a form of addiction, has a distorting effect on the expectancy-value formulation developed by 

individuals when making decisions [101]. In short, the underlying logic is that IT dependency 

plays the role of a magnifying glass through which one looks at a system (to which he or she 

is addicted) that magnifies the positive attributes of the system (usefulness and ease of use). 

The rationale behind such line of thought is that emotions have a particularly strong influence 

in the formation of perceptions for addicted individuals [102]. This emotional bias has a 

tendency to irrationally minimize the negative facets that characterize a system while 

maximizing its positive aspects. Research has extended the validity of this phenomenon to the 

IT addiction context. Specifically, in the context of online games, addicted individuals were 

found to have more positive perceptions in terms of convenience and interest [103]. In 

addition, in the context of online auctions, addiction was found to augment user perceptions 

of usefulness and ease of use [21]. 

This research sheds some light on the utilitarian facet of the IT dependency phenomenon, 

which is rational and goal oriented in nature. Although the role played by substance-, 

behavior-, and IT-based psychological dependency in the formation of individual perceptions 

has been widely explored in research, [21] little attention has been, however, paid on the role 

of its counterpart: utilitarian dependency. It seems reasonable to argue that the utilitarian and 

goal-oriented facet of dependency may also have a distorting effect on an individual’s 

perceptions about a system he or she is highly dependent on. Consequently, the following 

hypotheses were derived: 
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H8: The level of dependency resulting from usage experiences with a UMS has a positive 

direct effect on PU. 

H9: The level of dependency resulting from usage experiences with a UMS has a positive 

direct effect on PEOU. 

The underlying assumption of MSD theory is that an individual’s dependency on a media is 

directly related to the ability of the media in fulfilling his or her informational needs [23]. 

Furthermore, MSD theory assumes that when realizing the effectiveness of a media (in 

achieving one’s personal goals), an individual will then tend to explore further benefits from 

the media in order to better attain his or her goals [23,25,52]. In other words, the theory 

assumes that the initial usage phase of a given media leads to a cognitive appraisal (a 

confirmation mechanism) of the congruence between one’s play-, orientation-, and 

interaction-related goals and the capacity of the media to fulfill them. As a consequence, it 

can be argued that a high level of dependency toward a UMS may lead to a confirmation bias, 

[104] a term used in the psychology literature to refer to the erroneous seeking or interpreting 

of evidence in a way that confirms ones given beliefs or expectations [105,106]. In the case of 

a confirmation bias, only confirming evidence may be retained (while disconfirming evidence 

is omitted) when mentally assessing the extent to which a device has allowed an individual to 

successfully fulfill their goals (play, orientation, and understanding). 

Besides, the “IT addiction” stream of research has demonstrated the positive (distorting) 

effect of IT addiction on the notion of perceived enjoyment [21], defined as the mental state 

reflecting the extent to which the use of IT is “perceived to be enjoyable in its own right, apart 

from any performance consequences that may be anticipated.”[107] Such relationship implies 

that the psychological state associated with one’s addiction influences the emotional 

confirmation of the intrinsic utility of the IT being used [21]. Keeping in mind the main 
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argument of this research paper that asserts that dependency also has a utilitarian and goal-

oriented facet, it can be argued that the above psychological mechanism may have its rational 

counterpart: a high sense of dependency toward a given UMS may have a distorting effect on 

the cognitive appraisal that consists of mentally assessing the extent to which the system has 

satisfied one’s goal-oriented expectations (the utility perceived from the media resources). 

High dependency may thus lead to maximizing positive experiences and minimizing (or 

omitting) negative ones. As a result, the following has been hypothesized: 

H10: The level of dependency resulting from usage experiences with a UMS has a positive 

direct effect on the level of confirmation. 

Research Methodology 

This research adopts a positivist epistemology because it assumes an objective reality, 

examines causal relationships, and attempts to test theory with the purpose of increasing the 

predictive understanding of phenomena [108,109]. 

While reflecting on the most legitimate UMS device types that shall be considered to test the 

conceptual model, it appeared crucial to select devices that had already reached a certain 

maturity level in terms of societal acceptance and adoption. Indeed, the investigation of the 

concept of dependency is not pertinent with devices that are too “young” from the market’s 

perspective. After careful consideration, it was decided to collect empirical data for the 

specific instance of UMS devices: smartphones. The media system perspective, developed in 

this research, allows concentrating on the core functional aspects of smartphones 

(conceptualized as UMS nodes), thus ignoring the technical specificities of such devices. 

Moreover, the adopted approach allows the replication of this study for all other UMS device 

types, a subset of devices, and overall UMS IT artifacts. The following subsections present 

the steps taken in operationalizing the model. 
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Operationalization of the constructs 

The components of the IS continuance model were measured using scales provided by 

Bhattacherjee, [36] while PEOU was measured through a scale adapted from Davis [91]. 

UMS dependency was measured through the most commonly used dependency scale 

[26,43,110,111]. The set of items were adapted to the context of the research. Table 3 presents 

the items used in the survey. 

 

As the data were collected in Italy, the items had to be translated from English into Italian. 

Double back translation was performed by two bilingual specialists [112]. Finally, an online 

questionnaire was created using the Google Forms tool and a pretest was performed to ensure 

clarity [113]. 

Data collection 

Data collection was conducted in November 2012 among visitors of the Zoological Gardens 

in Rome. The zoo was a convenient location, which provided an interesting array of 

individuals using UMSs. Generally in that period of the year, as a public space, the zoo is 

visited by the general population (this is confirmed by the demographic information shown in 

Table 4). 

Two researchers equipped with tablets randomly asked visitors if they were smartphone users, 

and if so, invited them to take the survey. A total of 345 interview requests were made and 

150 complete questionnaires were collected. Although the majority (48%) of the respondents 

were 20–29 years, 33% were 30–39 years of age. The gender distribution of the sample was 

properly balanced. In regard to occupation, 59% of the respondents were currently employed 

and 29% were students (the remaining 12% corresponding to pensioners, unemployed 

individuals, or “others”). Interestingly, 37% of the sample had their current smartphone for <1 
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year while 53% were between 1 and 2 years. On average, respondents indicated that they used 

their device for approximately 3.5 h per day. In addition, 64% used their device mainly for 

accomplishing personal rather than work purposes. Apple and Samsung were the two most 

common device brands (35% and 34%, respectively). 

 

Instrument validation (validation of the measurement model) 

A partial least square (PLS) approach was implemented (using SmartPLS 3.0) to analyze the 

data. The main objective of PLS analyses is to maximize the explained variance of a model’s 

endogenous constructs [114]. PLS has gained increasing popularity in IS research for its 

ability to model complex latent constructs (with a high number of items or for second/third 

order constructs), with small sample sizes and under nonnormality conditions [115,116]. 

Because of the presence of a formative construct (UMS dependency) and to the nonnormality 

of some of the measures, PLS appeared as the most appropriate technique for conducting the 

analysis in this study. 

In PLS, a structural equation model consists of two models [114,117]. The outer model (or 

measurement model) specifies the relationships between the constructs and their associated 

indicators. The inner model (or structural model) connects the various constructs together. In 

PLS, the evaluation of the outer model must be first performed before an inner model can be 

legitimately assessed [115,118]. 

Nature and dimensionality of the UMS dependency construct 

As the original scale assessing MSD was developed to capture television dependency, it was 

important to investigate the extent to which the six initial dependency dimensions were 

relevant to this research context [43]. Moreover, the literature has provided conflicting 
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positions toward both the dimensionality (unidimensional vs. bidimensional) and the nature 

(reflective vs. formative) of the media dependency construct. 

The initial development of the scale resulted into a 12-item scale, each dependency 

component having two items [52]. The most common operationalization of the construct 

considered dependency as a formative first-order construct; its measure consisting of the sum 

of all the 12 items [25,42]. Nonetheless, the adopted nature of the construct was never 

discussed by the authors but simply inferred from the different scorings used to measure 

dependency. An alternative perspective was more recently suggested by Currás-Pérez et al. 

[119] who operationalized media dependency, after rounds of confirmatory factor analysis, as 

a reflective second-order construct consisting of three dimensions: understanding, guidance, 

and entertainment. With the intention of generalizing the usage of the scale to other types of 

media but also to provide an instrument with stronger psychometric properties, authors then 

provided further refinements leading to a well-acknowledged 18-item scale (three items per 

component). Opinions again diverged. Authors such as Loges [26] or Patwardhan and Yang 

[46] continued relying on the initial operationalization of the construct seeing it as a first-

order formative construct. Others decided to specifically investigate the structure of the 

dependency construct and concluded about its second-order nature using various exploratory 

and confirmatory factor analysis techniques. Alcañiz et al. [27] used the scale to measure both 

television and teleshopping dependency. They questioned the dimensionality of the two 

constructs and concluded that television dependency consisted of three dimensions: self-

understanding (SeU)/orientation (10 items), social understanding/individual entertainment 

(four items), and social entertainment (two items); while teleshopping dependency consisted 

of two dimensions: basic information aspects (three items) and further information aspects 

(nine items). Ruiz Mafé and Blas [120] used the same scale to assess Internet dependency 
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found through rounds of exploratory factor analyses (EFAs) suggested that the construct 

consisted of four dimensions: entertainment and relaxation (six items), searching for guides to 

behavior and understanding (five items), searching for information to take decisions (three 

items), and searching for information to keep up to date and to use in communication (two 

items). In both cases, despite the clear lack of reflection about the nature of the relationship 

between the dependency construct and its measurement items [121], the adopted construct 

scorings indicated the authors’ choice for considering dependency as a second-order 

formative construct. In order to investigate the dimensionality of the UMS dependency 

construct, EFA techniques (with varimax rotation) using SPSS version 20 were used with 

thresholds of 0.50 for factor loadings and 0.40 for cross-loadings, following recommendations 

from Straub [122] and Straub et al. [123] 

The initial EFA simulation with all items resulted into a four-factor solution explaining 72.2% 

of the total variance (Kaiser–Meyer–Olkin measure (KMO) = 0.819/Bartlett’s test of 

sphericity, χ2 = 2168, df = 153, p = 0.000). The measurement items related to the dimensions: 

social understanding, SeU, self-play, and interaction orientation cleanly loaded in separate 

dimensions with item loadings above the threshold of 0.5 and cross-loadings <0.4. Two action 

orientation items, AO1 and AO2, did not load above the thresholds of 0.5 while AO3 loaded 

with the solitary play (SolP) items but also cross-loaded (>0.4) with SeU. All the three items 

were dropped. The subsequent EFA simulation still led to a four-factor solution explaining 

76.9% of the total variance (KMO = 0.816/Bartlett’s test of sphericity, χ2 = 2883, df = 105, p 

= 0.000). Social play items, SocP1 and SocP2, loaded >0.5 with both the SeU and SolP items. 

They were dropped for cross-loading reasons. SocP3 loaded with the SeU items with no 

cross-loading problem. 
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The next EFA round provided a clean four-factor solution: social understanding, SolP, 

interaction orientation, and SeU added to one SocP item (SocP3), explaining 79.5% of the 

total variance (KMO = 0.819/Bartlett’s test of sphericity, χ2 = 1445, df = 78, p = 0.000). 

Various strategies and procedures were implemented in order to assess the stability of the 

factorial analysis results. This includes using an oblique rotation method (direct oblimin), 

dropping one or several items for each analysis iteration, as well as discarding SocP items 

before removing AO items. All the measurement items of the conceptual model were also 

tested. Each simulation run ended in a strictly identical factorial structure, providing extra 

confidence in the results. 

A careful semantic analysis was performed to determine whether a common content domain 

covered the SeU items and SocP3. Four researchers external to the project were also 

consulted. After careful consideration, it was concluded that there was no obvious and 

reasonable semantic commonality; the item was then dropped to ensure that the associated 

factor corresponded to a proper dependency dimension. Besides, SocP3 had the lowest 

loading (0.614), whereas the remaining items had loadings of ≥0.8, providing extra 

confidence in the removal of the item. A final EFA simulation was performed resulting in the 

final factor structure presented in Table 5, explaining approximately 82% of the total 

variance. Based on the above findings, UMS dependency in the context of our study was 

found to behave as a second-order construct consisting of four dimensions: social 

understanding, SeU, SolP, and interaction orientation. After thoughtful consideration and a 

review of the literature regarding the nature of formative and reflective constructs, it was 

concluded that media dependency consisted of a composite of multiple measures [124]. 

Unlike reflective measures where changes in the construct influence the associated measures, 

changes in any of the dependency dimension measures were perceived as causing changes in 
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the underlying media dependency construct [125]. Following recommendations by Petter et 

al.,[121] it was then decided to operationalize media dependency as a formative second-order 

construct.  

 

Common method bias 

While analyzing a dataset, researchers in social sciences need to be particularly wary with 

common method bias (CMB) issues [122,123]. CMB can raise the estimates of structural 

parameters in a model, and can potentially lead to erroneous conclusions [126]. When it is not 

possible to collect data using different methods or sources, Harman’s one-factor (or single-

factor) test is widely used to assess the existence of CMB in a dataset [127]. The test consists 

of loading all the measurement items in an EFA and examining the unrotated factor solution. 

The rationale behind the technique is that in the presence of CMB, the EFA would result in a 

single factor solution, which would account for a large proportion of the covariance among 

the measurement items [127]. 

In this study, the EFA with unrotated solution resulted in an eight-factor solution accounting 

for 80.7% of the total variance. Meanwhile, the covariance explained by a forced one-factor 

solution was found to be 29.92%. These results strongly argued in favor of the conclusion that 

CMB was not a threat to the validity of the findings [128]. 

Podsakoff et al.’s recommendations to investigate CMB through a common method factor 

approach [127] were also followed by using the procedure recommended by Liang et al. 

[128]. The detailed results are provided in the Appendix section. An extended PLS model was 

built by adding a common method factor. Afterward, all the indicators were converted into 

single-indicator constructs. As a result, all first-order constructs became second-order 

constructs while ubiquitous media dependency turned into a third-order construct. Finally, the 



 

 

24 

 

 

common method factor was linked to all the single-indicator constructs. For each of the 

single-indicator constructs, the two path coefficients (the one coming from the corresponding 

substantive construct and the other from the method factor) were examined. As mentioned by 

Liang et al. [128], each provided coefficient is equivalent to the factor loading associated with 

the item (while the error term of the path coefficient represents the measurement error of the 

factor loading). The squared loadings of the method factor (the path coefficients associated 

with the single-item constructs) can be interpreted as the amount of indicator variance 

explained by the method, while the squared values of the substantive constructs’ loadings 

represent the amount of indicator variance explained by the substantive constructs. 

Evidence of CMB can be provided by jointly examining the statistical significance of the 

factor loadings associated with the method factor, as well as by comparing the variances (the 

squares of the provided path coefficients) of each indicator explained by the method and its 

substantive construct. 

The results were conclusive as the average indicator variance caused by the substantive 

constructs was 0.79, while the average method-based variance was found to be <0.01 – 

providing a ratio of substantive versus method-based variance >80:1 [128]. Furthermore, a 

large majority of method factor loadings (provided through the associated PLS structural 

model analysis) were not significant. Considering the low magnitude and absence of 

significance of the method variance, we could confidently conclude that CMB was not a 

concern in this study. 

Validation of the measurement scales 

Internal consistency was assessed through both Cronbach’s alpha and composite reliability 

coefficients using a threshold of 0.70 [115,129]. Individual item reliability was evaluated by 

examining the loadings of the measurement items (using a bootstrap procedure with 5000 
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resamples) with their respective construct [114,130]. A common rule of thumb is to retain the 

items, which loadings are >0.707 [123,131]. Construct convergent validity was evaluated for 

each construct by looking at the average variance extracted (AVE), with a threshold value of 

0.50 [115,117]. Construct discriminant validity was evaluated by using the Fornell–Larcker 

criterion [132] and item cross-loadings [114,130]. In addition, as ubiquitous media 

dependency was operationalized as a formative construct, it was important to ensure that there 

were no multicollinearity issues with the dependency measures [121]. The variance inflation 

factors (VIFs) were all below the recommended threshold of 3.3,[133] with dimension scores 

being 1.56, 1.45, 1.32, and 1.26 for SeU, interaction orientation, SolP, and social 

understanding, respectively (Table 5). 

 

Tables 5–8 present the results of the outer model validation phase. All Cronbach’s alpha and 

composite reliability coefficients were >0.7 (see Tables 5 and 6). Individual item reliability 

was satisfactory for all constructs as all item loadings were >0.707 with the exception of CI3, 

which had a loading slightly lower than the threshold value (0.68) but significant (p < 0.001). 

The item was eventually retained as its loading was very close to the threshold and because 

the composite reliability of the construct decreased when the item was omitted [114,115]. All 

constructs’ AVE values were >0.5 indicating good levels of construct convergent validity. 

The assessment of construct discriminant validity did not raise any concerns because all the 

item loadings were higher in their respective construct than with any of the other constructs 

(see Table 7). Meanwhile, the square root of the AVE of each construct was found to be 

greater than the correlations of the construct with the other constructs (Table 8). 

extracted values 

Results 
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Once the measurement model was evaluated, the next step involved analyzing the structural 

portion of the research model [130,134]. This section first describes the various tests that were 

conducted to assess the overall quality of the model. This is followed by a more detailed 

analysis of the various paths of the theoretical model. Subsequently, the robustness of the 

results was evaluated through a round of subsequent tests. 

Overall model assessment 

The degree to which the variance explained in a PLS model is maximized, which is 

determined through the examination of the R² measures associated with all the dependent (or 

endogenous) constructs [114,115,130]. The model explained 25% of the variance of 

continuance usage intention of 49%, 16%, 14%, and 9% for satisfaction, PU, PEOU, and 

confirmation, respectively. 

Recent reviews about the use of PLS analysis techniques in social sciences have strongly 

criticized the lack of assessment of a model’s predictive relevance [114,116,118,130]. In the 

review performed by Ringle et al. [116], the authors expressed serious concern that none of 

the reviewed studies had assessed the predictive relevance of their structural models. 

Recently, researchers using PLS have been encouraged to assess model predictive relevance 

using Stone’s [135] and Geisser’s [136] cross-validated redundancy measure Q² 

[114,116,118,130]. Chin [137] (p. 320) earlier stated “the prediction of observables or 

potential observables is of much greater relevance than the estimator of what are often 

artificial construct-parameters.” 

Overall, positive Q² scores indicate that a model has predictive relevance whereas a negative 

Q² means a lack of predictive relevance [134,138,139]. Stone–Geisser’s Q² test was 

performed in this study (skipping every n = seventh data point) for evaluating the predictive 

relevance of the structural model. The Q² scores of the endogenous constructs were all 
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positive, that is, 0.06, 0.08, 0.09, 0.42, and 0.15 for confirmation, PU, PEOU, satisfaction, and 

CI to use, respectively. 

Finally, researchers have recently encouraged the use of a global goodness-of-fit (GoF) 

criterion to evaluate the quality of a model in PLS [140]. The model was found to have a GoF 

score of 0.41, indicating a high-quality model. Indeed, Wetzels et al. (2009) recommend to 

use GoF baseline values of GoFsmall = 0.1, GoFmedium = 0.25, and GoFlarge = 0.36. 

Path analysis 

The path coefficients generated by PLS are used to confirm or reject the hypotheses 

associated with the conceptual model [115,130]. Chin [115] argues that standardized paths 

should be at least 0.20 (and ideally >0.30) to be considered meaningful. In addition, recent 

reviews of PLS analyses in social sciences research [114,116] have criticized the lack of 

consideration of a model’s predictive capability and the absence of assessment of the paths’ 

effect size. In response to such criticism, both f² effect sizes and q² predictive relevance 

coefficients were calculated for each hypothesized path. Following recommendations from 

Cohen [141], baseline values of 0.02, 0.15, and 0.35 corresponding to small, medium, and 

large levels, respectively, shall be used to assess both effect size and predictive relevance 

[118]. 

 

Figure 4. PLS analysis of the structural model 

 

Nine out of the 10 hypotheses were supported (see Figure 4; Tables 8 and 9) with seven path 

coefficients being >0.20 and the other two being close to this threshold. The results 

demonstrated the positive effect of UMS dependency on confirmation (path coefficient = 

0.28, p < 0.001, f² = 0.09, q² = 0.06), PU (path coefficient = 0.27, p < 0.001, f² = 0.09, q² = 
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0.05), and PEOU (path coefficient = 0.18, p < 0.05, f² = 0.05, q² = 0.02). These findings 

provide strong evidence about the overall influence of dependency on the reasoned usage 

decisions through the distortion of beliefs and perceptions. 

 

Confirming the original IS continuance model and its more recent additions, confirmation was 

found to be positively associated with satisfaction (path coefficient = 0.44, p < 0.001, f² = 

0.35, q² = 0.25), PU (path coefficient = 0.21, p < 0.01, f² = 0.07, q² = 0.03), and PEOU (path 

coefficient = 0.26, p < 0.01, f² = 0.09, q² = 0.03). As expected, satisfaction was found to be 

strongly influencing continuance usage intention (path coefficient = 0.48, p < 0.001, f² = 0.29, 

q² = 0.16). PEOU (path coefficient = 0.33, p < 0.001, f² = 0.21, q² = 0.14) and PU to a lesser 

extent (path coefficient = 0.16, p < 0.05, f² = 0.07, q² = 0.03) were found to affect satisfaction. 

However, the results did not confirm the existence of a positive effect of PU on CI to use. 

Cohen’s f² effect size coefficients can be used to compare the explanatory power of each 

hypothesized path. Considering Cohen’s effect size corresponds to the ratio of explained over 

unexplained variance for a given effect, the associated proportion of variance can be obtained 

by looking at f²/(1 + f²) [141]. A small effect accounts for 2% of the variance in the criterion 

variable while medium and large effects account for 13% and 26%, respectively, of the 

variance. Six hypotheses (H1, H3, H6, H8, H9, and H10) were found to correspond to small 

effects, that is, to say that the associated paths explained between 2% and 13% of the variance 

of the related endogenous variable. Two hypotheses (H5 and H7) had a medium effect size 

(between 13% and 26% of the variance). Finally, hypothesis H2 was characterized by a large 

effect size (>26% of the variance being explained). 

The Stone–Geisser criterion (Q² > 0) postulates that a model shall be able to predict the 

endogenous latent variable’s indicators [118] – the higher is Q², the higher is the predictive 
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ability of the model. As a consequence, the relative impact of the predictive relevance for 

each exogenous–endogenous hypothesized relationship can be compared by means of the q² 

effect size. H2 and H5 were found to have medium predictive relevance whereas the remaining 

paths (with the exception of H4 that was not supported) had small predictive relevance. 

Robustness of the results 

The data are further analyzed in order to assess the robustness of the results. This appeared as 

an important matter to tackle as this study was among one the first attempts to use media 

dependency theory in IS research but also within the boundaries of a newly defined and 

complex IT artifact: UMS. 

UMS dependency estimation: Repeated items versus Two-Step 

In this research, Lohmöller’s [142] “Hierarchical Component Model Repeated Indicators 

Approach” was used to compute the UMS dependency scores (conceptualized as a second-

order construct). The approach consists of repeating the manifest indicators of the associated 

lower-order constructs (the four dependency dimensions) in the second-order construct 

[117,140]. 

An alternative “two-step” approach has been introduced by some researchers to estimate 

second-order constructs in PLS (e.g., Agarwal and Karahanna [97], Bock et al.,[143] and 

Croteau and Bergeron [144]). The procedure consists of initially estimating the latent variable 

scores in a model without the second-order constructs. Subsequently, the provided latent 

variable scores are subsequently used as indicators in a model that includes the second-order 

constructs. The first-order latent variable scores can be computed by either averaging the 

manifest variable scores of each latent variable [144] or by directly using the latent variable 

scores provided during the first step of the PLS analysis without the second-order constructs 

[97,143]. This procedure has the advantage, contrary to the repeated indicators method, of 



 

 

30 

 

 

being able to estimate higher-order models with formative indicators [145]. The data are 

analyzed in a subsequent PLS analysis using the two-step approach to assess UMS 

dependency and to verify the stability and consistency of the final results. In both cases, the 

generated R² coefficients for each of the endogenous variables were very close to the ones 

found when using a repeated-items approach. In addition, the path coefficients and 

significance levels were almost identical to the results provided when using the repeated 

indicators strategy (see Tables 9 and 10). Finally, it was concluded with confidence that the 

strategy used to measure UMS dependency had no effect on the results, providing confidence 

in their stability. 

Full mediation versus partial mediation 

This research introduced the notion of UMS dependency and hypothesized its effect on 

satisfaction through the mediation of confirmation, PU, and PEOU. Similarly, UMS 

dependency was also hypothesized to affect the dependent variable, CI to use UMSs through 

the mediation of confirmation, PU, and PEOU. Because of the novelty of the approach by 

borrowing the dependency construct from Individuals’ MSD theory and testing its impact on 

both satisfaction and CI to use, supplemental analyses were then run to determine whether the 

data supported the two posited full mediations [97,117,146]. Consequently, two additional 

models including all direct and indirect paths were tested. The model referred as Model 2 in 

Tables 9 and 10 consisted of the main conceptual model to which a direct link between 

dependency and satisfaction was added. In a similar way, Model 3 hypothesized a direct 

influence on CI to use. 
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Overall, the evaluation of Models 2 and 3 allowed to conclude in the existence of full 

mediations between UMS dependency and satisfaction/CI to use. The quality of all the three 

models was found to be strictly identical in terms of GoF as well as R² scores. With the 

exception of the PU  ST path that dropped from 0.16 to 0.13 and became nonsignificant (t = 

1.73, suggesting only partial support of the related hypothesis), all other path coefficients and 

significance levels were nearly not affected. The direct path between MSD and satisfaction 

was not significant while the mediating relationships between the two constructs remained 

high (>0.20) and significant. Similarly, no direct relationship was found between UMS 

dependency and CI whereas the mediating effects were all significant with all path 

coefficients >0.20. In conclusion, an additional layer of confidence was provided in the 

structural portion of the model, leading to important theoretical implications that are discussed 

in the next section. The final results of this study are compiled in Table 11. 

Discussion and Conclusion 

This section presents a discussion of the findings alongside to its limitations and contributions 

to theory and practice. 

Summary of findings 

The IT market is undoubtedly witnessing the surge of a number of smart interconnected 

products – ranging from smart led light bulbs, fitness wristbands to smartwatches, tablets, 

PCs, TVs, and WiFi-enabled cars. In addition, digital ecosystems leaders such as Microsoft, 

Apple, and Google have taken key strategic directions that are steadily redefining and blurring 

the boundaries between mobile and stationary systems [7,10,11]. As a result, individuals are 

gradually migrating from a device-centric relationship with IT to perceiving their interactions 

with IT as a unique interconnected “media-system” composed of interchangeable, 
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multicontext, and multifunction devices. This paper’s intent is to provide a stepping-stone that 

may trigger future research efforts and shed some light on the theoretical specificities of 

UMS. 

By combining MSD theory [24] with the IS continuance model [36], this paper investigated 

the role of IMD in predicting CI to use UMS. A research model was developed and validated, 

shading some new light on the investigation of usage-related phenomena in the context of 

UMSs. The model explained 25% of the variance of continuance usage intention of 49%, 

16%, 14%, and 9% for satisfaction, PU, PEOU, and confirmation, respectively. The GoF 

score of 0.42 provided extra confidence in the overall quality of the model. 

The results confirmed the overall effect of UMS dependency on individuals’ reasoned 

continuance usage decisions. The findings suggest that the level of dependency toward a 

UMS device raises the perceived positive attributes about the device, as well as the cognitive 

appraisal about the discrepancies between initial expectations and postuse performance. 

Furthermore, with regard to the valuation of the device’s attributes, the level of dependency 

has an equivalent influence on both PEOU and PU. This result yields that the functional 

characteristics of the UMS device (e.g., enabling use without effort) as well as its affordances 

(e.g., allowing an improvement of user performance or effectiveness) are equally affected by 

dependency. This insight could perhaps instigate a theme for future research. 

Counter-intuitive results were found in regard to the absence of effect between PU and CI to 

use. A possible explanation resides in the nature of the mediating effect of satisfaction 

between PU and CI to use. The results may suggest the existence of a full mediation (as 

opposed to partial mediation). Some further investigation would be needed before confidently 

asserting such a strong conclusion. Another possible reason, concurring with Zhang [147], 
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would be that affective variables may play a more important role than cognitive factors in the 

case of UMSs. 

This research conveys important messages to the actors of the digital ecosystem. First, by 

introducing the UMS concept and highlighting its pertinence in the current technological 

context, this research heralds a critical mindset shift in which researchers and practitioners 

shall engage – replacing the conventional device-centric with a more encompassing media 

system-oriented view (UMS). Second, this paper sheds some light on the existence of two 

distinct facets of technology dependency – utilitarian (goal oriented) versus psychological 

(emotional) dependency. Unlike technology addiction, utilitarian dependency is a conscious 

process based on “initial evaluations of technological efficacy in problem solving, and again 

at the point that the absence of the ability to solve a given problem forces conscious 

recognition of the dependency state.”[11] Such a distinction highlights the fact that the two 

types of dependency build and evolve in distinct ways but also affect human behavior 

differently. Although they appear to be interrelated, at a subtle level, they could potentially 

influence each other. The concentration of the attention and efforts by both practitioners and 

researchers on the irrational side of dependency could be one of the reasons explaining the 

overall lack of uniformity on the understanding of the technology dependency phenomenon 

[148]. 

Limitations 

This study has some obvious limitations. Even though extra caution was taken to adopt a 

media-centric approach that would equally apply to all types of UMS devices, it is important 

to acknowledge that this study focused on a single type of UMS device (smartphones). 

Investigating the stability of the results with a variety of UMS devices such as tablets, laptops, 

phablets, or smartwatches would help to assess the extent to which the results can be 
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generalized. Moreover, to fully confirm the soundness of this approach, it is crucial to further 

investigate the link between UMS device dependency and overall UMS dependency. 

The four-dimension structure of MSD found in this study also deserves further attention. It 

would be worthwhile to evaluate whether the current dimensional structure holds for various 

types of ubiquitous system device as well as the overall IT artifact: UMS. 

This research assesses dependency in terms of the capacity of a UMS to reach different 

individual goal categories (e.g., social understanding, SolP, and so on). It could be argued that 

the ‘extent of dependency’ can be captured by the number of hours of smartphone usage. This 

could potentially be an important variable to provide complementary insights regarding the 

relationship between media dependency and usage. The rationale behind such reasoning is 

that the more an individual uses a UMS, the larger shall be the extent of dependency. As the 

survey instrument captured smartphone usage (in terms of the number of hours per day), we 

investigated the potential moderating effect of ‘usage extent’ on the relationships between 

dependency and PU/PEOU/confirmation. An array of analysis strategies (e.g., 

operationalizing usage extent as a numerical and a categorical variable, normalization) led to 

inconclusive results. A closer look at the corresponding Italian version of the questionnaire 

revealed presence of a potential clarity issue. Indeed, one could potentially either understand 

that it referred to “active daily usage” or to “the amount of time during the day which the 

smartphone is on and with the respondent” (although most of the time idle). As a result, the 

investigation could not be performed further; future research efforts about the potential 

influence of usage extent on UMS dependency shall be envisaged.  

Other limitations pertain to the nature of survey research. For instance, the results provide a 

snapshot picture of the influence of dependency on continuance usage intention. It is likely 

that the relationship between the two notions evolves over time. It could be argued that longer 
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initial usage would engender a higher level of dependency toward a UMS. However, the 

causality between the various constructs of the model was only inferred. One could, for 

example, argue that the direction of the link between dependency and confirmation could be 

reverse: the congruence between initial expectations and actual performance (confirmation) 

affects the level of dependency toward a given system. Longitudinal studies would help in 

performing this investigation. 

Implications for theory and research 

This study strives to raise awareness on UMSs as a nascent but important stream of IS 

research. Because of the inherent complexity and fluid form of UMS, it raises questions of the 

extent to which a large bulk of IS research on use and adoption of technology (developed in a 

stationary, device-centric context) could be applicable to this new reality. For example, 

theories that have been largely used in IS research (such as the TAM) focus on the technical 

specificities of IT devices as individual IT artifacts. In the context of UMS, assessing the PU 

(or PEOU) associated with a given UMS consisting of five different devices, may not 

correspond exactly to compounding the five levels of associated PU. For instance, it is very 

likely that the quality and degree of integration among the nodes (in other words, the devices) 

of a UMS would have some synergistic effect on the overall PU and ease of use toward this 

UMS. The existing body of the IS literature as well as the wide array of theories that have 

been used in ISs are vast sources of high-quality insights. As a result, revisiting the 

applicability of the IS body of knowledge in the UMS context could be of great help in 

unveiling the inner workings of UMS. More specifically, it would be interesting to distinguish 

the results on IT usage and adoption that still hold in the UMS context, from those that do not. 

This paper also contributes to the IS body of knowledge by furthering the application of MSD 

theory [24] in the context of the IS discipline [11]. IS researchers have dedicated substantial 
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research efforts to investigate the antecedents and consequences of psychological dependency 

(often referred to as ‘addiction’ in IS research) on individual behavior. This research 

demonstrates that the notion of dependency is complex and has a more utilitarian and goal-

oriented facet, which is equally important but largely unexplored in IS research. By extending 

the application of MSD theory to the IS field, this paper provides a theoretical lens that can 

help shed some light on this other form of dependency. This paper also contributes to 

developing a more encompassing understanding of how technology dependency relations 

develop and how they affect human behavior. 

In terms of future research, there are several possible avenues for a logical continuation of this 

line of inquiry. First, it would be desirable to replicate this study and link the notion of 

dependency across various UMS components. Second, it will be essential to further 

investigate the link between UMS dependency and the various characteristics of UMS (such 

as cluster size, level of connectedness, heterogeneity, system fluidity, and so on). Third, this 

research approach introduces an alternative view to study the use of cross-platform, 

multidevice applications such as collaboration tools for instance, by conceptualizing it as a 

UMS subdomain. Fourth, considering this project has shown that high dependency leads to a 

higher chance of engendering prolonged usage, investigating the factors that generate such 

strong relationships/dependencies with ubiquitous technologies would complement the 

understanding of UMS usage. Indeed, gaining insights on how to effectively generate such a 

high sense of UMS dependency would be very insightful for researchers, users, and 

practitioners. Finally, dependency is inherently related to the notion of time. It would also be 

insightful to understand the evolution of UMS dependency when adding or removing certain 

devices – studying the evolution of UMS dependency through time could be equally 

interesting. 
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Implications for practice 

In terms of contribution to practice, the results and recommendations of this research 

encourage device manufactures to strive to fulfill users’ needs by rather focusing on providing 

a more fluid, integrated, and multidevice UMS user experience [149] instead of improving the 

functionalities of each newly designed device [150]. Similarly, software, content, and service 

providers should dedicate substantial efforts to develop services that are as multisystem and 

multiplatform as possible in order to create a true UMS environment [151]. A simple 

illustration of this is that nearly all websites have a mobile and nonmobile version that are 

automatically loaded depending on the type of device that is being used. A large number of 

software applications also have a desktop and a ‘mobile app’ version both providing 

equivalent functionalities. Finally, mobile app developers need to pay attention on the fact 

that users select apps more on the basis of functionality than the “users’ taste.”[152] 

Considering the abovementioned points, the understanding of how UMS dependency forms 

and develops is a crucial step that will allow companies to gain a significant competitive 

advantage in an area where the battle among competitors is fierce. 

Another practical contribution of this paper is to allow users to become more aware about 

UMS and the dual nature of dependency. On the basis of our findings, users should be able to 

reflect on the motivations (psychological or utilitarian) behind UMS devices continuing 

usage. Indeed, this research provides an evaluation tool that can help users to appraise their 

perceptions and usage of UMS devices. The use of UMS devices is taking an ever-larger 

place in people’s daily life. The developed goal-oriented dependency measure could be used 

as a diagnosis tool to assess the extent to which one really requires the use of a UMS. 

Continuing this line of thought, the awareness and assessment of both types of dependency 

can help users distinguish the behaviors that have a positive influence from those that have a 
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negative influence on their productivity and well-being. For instance, if an individual realizes 

that the affordances of her/his smartphone or tablet is associated with a high level of 

psychological dependency and a low level of goal-oriented dependency, it would then signify 

that the devices could potentially have an overall negative effect on this person’s life. 

However, a low sense of addiction and a high sense of rational dependency toward a given 

device could indicate a positive effect on this person’s life. These examples illustrate our 

emphasis on the need to adopt an encompassing understanding of dependency that includes 

both facets. 

It is believed that the advances made in this paper will stimulate further reflection about how 

the gradual emergence of UMSs are questioning and modifying the existing theoretical 

boundaries used in IS when studying the interaction between human beings and IT. 
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Figure 1. Ubiquity: The evolution of temporal and spatial availability of IS 

Figure 2. IS continuance model [36] 

Figure 3. Research model 

Figure 4. PLS analysis of the structural model 
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Table 1.  Typology of Individuals’ Media System Dependencies (adapted from 

[23]) 

 

  

 Understanding Orientation  Play  

Personal  

Self-understanding: basic 

understanding of 

themselves 

Interaction 

orientation: to make a 

behavioral decision 

Solitary play: for 

relaxing and releasing 

stress when individuals 

are alone  

Social  

Social understanding: 

understanding of social 

environment 

Action orientation: to 

have a guidance for 

interacting correctly 

with other people 

Social play: for 

relaxing and releasing 

stress together with 

other people 
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 Table 2.  Psychological Dependency versus Utilitarian Dependency   

Psychological Dependency  Utilitarian Dependency  

Definition Definition 

Psychological state of maladaptive 

dependency on the use of a technology to 

such a degree that the following typical 

behavioral addiction symptoms arise: (1) 

salience – the technology dominates a user’s 

thoughts and behaviors; (2) withdrawal – 

negative emotions arise if a person cannot use 

the technology; (3) conflict – the use of the 

technology conflicts with other tasks, which 

impairs normal functioning; (4) relapse and 

reinstatement – a user is unable to voluntarily 

reduce the use of the technology; (5) tolerance 

– a person has to use the technology to a 

greater extent to produce thrill; and (6) mood 

modification – using the technology offers 

thrill and relief, and results in mood changes. 

[21] 

The extent to which an individual’s capacity 

to reach his or her objectives depends on the 

use of specific technology [23,25,52]. 

Effects Effects 

Technology addiction is further exhibited 

through an obsessive pattern of IT-seeking 

The intensity of media dependency relations 

depends on the perceived helpfulness of the 
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and IT-use behaviors that take place at the 

expense of other important activities [57]  

media in meeting goals [26] 

Technology addiction may compromise the 

user’s social life; disrupt emotional 

functioning; interfere with school, family, and 

work; and negatively affect others in the 

user’s social circle [54,58,59] 

Individuals have to rely on media information 

resources in order to attain their various goals 

[46] 

 

Technology addiction may have personal, 

social, and workplace-related implications, 

such as substantial productivity losses [60], 

severe health problems [54], and 

organizational liability [61]  

The dependencies of the underlying ICT 

infrastructure elements have to be considered 

in order to run interorganizational processes 

properly [62]. 

A system to which a person is addicted is 

viewed through a misrepresenting lens that 

augments the positive attributes of the system 

(e.g., ease of use) and the abilities attributed 

to the system to cater to one’s intrinsic (as 

captured by enjoyment) and extrinsic (as 

captured by usefulness) needs [21] 

Both intensity and goal scope may be 

determined by how exclusive media resources 

are perceived to be in attaining these goals. 

[22–24,37] 
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Table 3.  Construct definitions and measurement items 

Construct Measurement items 

Ubiquitous media 

system dependency 

[23,25,52] 

 

the extent to which an 

individual’s capacity to 

reach his or her 

objectives depends on 

the use of his/her 

multimedia device 

 

In your daily life, how useful/helpful is your smartphone to: 

Self-understanding 

SeU1: Gain insight into why you do some of the things you do 

SeU2: Imagine what you will be like when you grow older 

SeU3: Observe how others cope with problems or situations like 

yours 

Social understanding 

SoU1: Stay on top of what is happening in the community 

SoU2: Find out how the country is doing 

SoU3: Keep up with world events 

Interaction orientation 

IO1: Discover better ways to communicate with others 

IO2: Think about how to act with friends, relatives, or people you 

work with 

IO3: Get ideas about how to approach others in important or difficult 

situations 

Action orientation 

AO1: Decide where to go for services such as health, financial, or 

household 

AO2: Figure out what to buy 

AO3: Plan where to go for evening and weekend activities 
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Solitary play 

SolP1: Unwind after a hard day or week 

SolP2: Relax when you are by yourself 

SolP3: Have something to do when nobody else is around 

Social play 

SocP1: Give you something to do with your friends 

SocP2: Have fun with family or friends 

SocP3: Be a part of events you enjoy without having to be there 

Confirmation [36] 

 

Users’ perception of 

the congruence 

between expectation 

toward the use of a 

multimedia device and 

the actual performance 

derived from the use.  

CF1: My experience with using my smartphone was better than what 

I expected. 

CF2: The capabilities/functionalities provided by my smartphone 

were better than what I expected. 

CF3: Overall, most of my expectations from using my smartphone 

were confirmed.  

Perceived usefulness 

[36] 

 

A user’s perception of 

the expected benefits of 

using his/her 

Using my smartphone in my daily life…. 

PU1: improves my overall performance 

PU2: increases my overall productivity. 

PU3: enhances my overall effectiveness. 

PU4: is useful. 
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multimedia device. 

Perceived ease of use 

[91] 

 

The degree to which a 

person believes that 

using a particular 

smartphone is free 

from effort. 

Overall, I feel that my smartphone is: 

PEOU1: Easy to Learn/Difficult to Learn. 

PEOU2: Easy to manipulate/Difficult to manipulate. 

PEOU3: Clear to interact with/Obscure to interact with. 

PEOU4: Flexible to interact with/Rigid to interact with. 

PEOU5: Easy to master/Difficult to master. 

PEOU6: Very usable/Very cumbersome. 

Satisfaction [36] 

 

A user’s experience 

with (feelings about) 

previous use of his/her 

multimedia device. 

How do you feel about your overall experience using your 

smartphone: 

ST1: Very dissatisfied/Very satisfied. 

ST2: Very displeased/Very pleased. 

ST3: Very frustrated/Very contented. 

ST4: Absolutely terrible/Absolutely delighted. 

Continuance 

intention [36] 

 

A user’s intention to 

continue using his/her 

multimedia device. 

CI1: I intend to continue using my smartphone rather than discontinue 

using it. 

CI2: My intentions are to continue using my smartphone than to use 

any alternative devices. 

CI3: If I could, I would like to discontinue using my smartphone. 
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Table 4.  Demographic profiles of the respondents 

Demographic profiles Category Subjects 

Frequency Percentage 

Gender Male 

Female 

Total 

73 

77 

150 

49 

51 

100 

Age <20 years 

between 20 and 24 years 

between 25 and 29 years 

between 30 and 39 years 

between 40 and 49 years 

>50 years 

9 

32 

40 

50 

8 

11 

6 

21 

27 

33 

5 

7 

Employment Student 

Worker 

Pensioner 

Other 

Unemployed 

44 

89 

4 

4 

9 

29 

59 

3 

3 

6 

Device Brand Apple 

Samsung 

Nokia 

Blackberry 

HTC 

52 

51 

22 

9 

5 

35 

34 

15 

6 

3 
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Sony Ericsson 

Others 

5 

6 

3 

4 

Length of ownership of 

current device 

<6 months 

between 6 and 12 months 

between 12 and 24 months 

>2 years 

42 

14 

79 

15 

28 

9 

53 

10 

Experience using mobile 

devices in general 

<6 months 

between 6 and 12 months 

between 12 and 24 months 

>2 years 

29 

10 

72 

39 

19 

7 

48 

26 

Daily mobile device usage not >1 h 

between 1 and 3 h 

between 3 and 10 h 

>10 h 

38 

69 

34 

9 

25 

46 

23 

6 

Usage Purpose 

 

 

Mainly for work activities 

75% for work, 25% for 

personal tasks 

50% for work, 50% for 

personal tasks 

25% for work, 75% for 

personal tasks 

Mainly for personal tasks 

3 

14 

 

37 

 

44 

 

52 

2 

9 

 

25 

 

29 

 

35 
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Table 5.  Dependency–Exploratory factor analysis and scale validation results 

 Final EFA Outer model evaluation tests 

Item 

Factor 

1 

Factor 

2 

Factor 

3 

Factor 

4 

Mean Std 

Loadin

g 

Reliability AVE 

SoU1    0.541 3.23 1.44 0.75*** α = 0.83 

CR = 0.90 

VIF = 1.26 

0.75 SoU2    0.947 3.13 1.47 0.92*** 

SoU3    0.955 3.10 1.48 0.92*** 

IO1   0.866  2.68 1.56 0.87*** α = 0.86 

CR = 0.92 

VIF = 1.45 

0.78 IO2   0.881  2.11 1.40 0.91*** 

IO3   0.738  2.12 1.42 0.87*** 

SolP1  0.910   3.00 1.39 0.95*** α = 0.93 

CR = 0.96 

VIF = 1.32 

0.88 SolP2  0.910   2.99 1.42 0.95*** 

SolP3  0.888   3.27 1.42 0.92*** 

SeU1 0.790    1.53 1.08 0.88*** α = 0.93 

CR = 0.92 

VIF = 1.55 

0.78 SeU2 0.876    1.38 0.90 0.90*** 

SeU3 0.797    1.71 1.14 0.88*** 

Kaiser–Meyer–Olkin measure of sampling 

adequacy = 0.796/Bartlett’s test of 

sphericity, χ2= 1352, df = 66, p = 0.000 

*** p < 0.001 

** p < 0.01 

* p < 0.05 
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Table 6.  Measurement scale validation results 

Construct Item Mean Std. Loading Reliability AVE 

 

Confirmation 

 

CF1 3.65 1.1 0.92*** 

α = 0.89 

CR = 0.93 

0.82 CF2 3.64 1.07 0.94*** 

CF3 3.67 1.10 0.85*** 

Perceived Ease of 

Use 

PEOU 1 4.47 0.94 0.87*** 

α = 0.92 

CR = 0.94 

0.72 

 

PEOU 2 4.27 1.10 0.82*** 

PEOU 3 4.43 0.92 0.85*** 

PEOU 4 4.07 1.14 0.83*** 

PEOU 5 4.40 0.91 0.91*** 

PEOU 6 4.38 0.89 0.81*** 

Perceived 

Usefulness 

PU1 4.35 1.06 0.91*** 

α = 0.89 

CR = 0.93 

0.76 

PU2 4.04 1.33 0.91*** 

PU3 4.34 1.056 0.92*** 

PU4 4.01 1.21 0.73*** 

Satisfaction 

ST1 4.00 0.92 0.94*** 

α = 0.96 

CR = 0.97 

0.89 

ST2 3.91 0.94 0.96*** 

ST3 3.89 0.98 0.93*** 

ST4 3.97 0.91 0.94*** 

Continuance 

Intention 

CI1 4.48 0.86 0.91*** 

α = 0.79 

CR = 0.88 

0.71 CI2 4.17 1.08 0.91*** 

CI3 3.37 1.16 0.68*** 
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Table 7.  Item cross-loadings 

Item/Construct SoU IO SolP SeU CF PEOU PU ST CI 

 SoU1 0.75 0.39 0.39 0.31 0.21 0.27 0.28 0.20 0.08 

 SoU2 0.92 0.31 0.21 0.33 0.20 0.14 0.25 0.30 0.05 

 SoU3 0.92 0.27 0.22 0.31 0.22 0.14 0.27 0.30 0.07 

 IO1 0.32 0.87 0.34 0.37 0.26 0.19 0.19 0.27 0.06 

 IO2 0.33 0.91 0.29 0.45 0.25 0.20 0.28 0.32 0.14 

 IO3 0.35 0.87 0.33 0.52 0.23 0.16 0.29 0.27 0.10 

SolP1 0.32 0.36 0.95 0.41 0.12 0.29 0.19 0.23 0.11 

SolP2 0.33 0.34 0.95 0.40 0.19 0.24 0.22 0.24 0.11 

SolP3 0.25 0.32 0.92 0.44 0.19 0.19 0.05 0.20 0.11 

 SeU1 0.34 0.50 0.37 0.88 0.12 0.10 0.16 0.15 0.01 

 SeU2 0.24 0.46 0.34 0.90 0.15 0.06 0.16 0.14 0.00 

 SeU3 0.40 0.39 0.48 0.88 0.10 0.00 0.28 0.12 −0.04 

 CF1 0.26 0.27 0.19 0.18 0.92 0.25 0.24 0.51 0.35 

 CF2 0.24 0.28 0.21 0.16 0.94 0.37 0.30 0.59 0.39 

 CF3 0.14 0.19 0.06 0.01 0.86 0.19 0.24 0.46 0.32 

 PEOU1 0.17 0.12 0.21 0.00 0.24 0.87 0.26 0.39 0.21 

 PEOU2 0.27 0.26 0.26 0.13 0.22 0.81 0.30 0.43 0.20 

 PEOU3 0.15 0.10 0.13 −0.02 0.32 0.85 0.21 0.47 0.22 

 PEOU4 0.15 0.24 0.26 0.08 0.28 0.83 0.28 0.46 0.30 

 PEOU5 0.21 0.13 0.23 0.01 0.31 0.91 0.30 0.44 0.30 

 PEOU6 0.15 0.18 0.21 0.09 0.18 0.82 0.12 0.39 0.24 
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 PU1 0.27 0.23 0.12 0.21 0.23 0.19 0.91 0.26 0.17 

 PU2 0.28 0.25 0.10 0.23 0.21 0.17 0.91 0.29 0.12 

 PU3 0.26 0.24 0.12 0.23 0.24 0.21 0.93 0.32 0.20 

 PU4 0.26 0.27 0.22 0.13 0.30 0.40 0.73 0.41 0.18 

 ST1 0.31 0.30 0.18 0.12 0.57 0.49 0.38 0.94 0.42 

 ST2 0.28 0.28 0.23 0.11 0.58 0.49 0.37 0.96 0.48 

 ST3 0.23 0.29 0.26 0.15 0.53 0.45 0.33 0.93 0.46 

 ST4 0.35 0.35 0.23 0.21 0.51 0.48 0.36 0.94 0.47 

 CI1 0.11 0.10 0.10 0.06 0.39 0.23 0.18 0.48 0.91 

 CI2 0.03 0.14 0.15 0.01 0.37 0.34 0.20 0.43 0.91 

 CI3 0.06 0.01 0.01 −0.17 0.19 0.13 0.09 0.27 0.68 
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Table 8.  Correlation among variables/square root of average variance 

extracted values 

Construct  SoU IO SolP SeU CF PEOU PU ST CI 

Social Understanding 0.87         

Interaction Orientation 0.38 0.89        

Solitary Play 0.32 0.36 0.94       

Self-Understanding 0.37 0.51 0.45 0.89      

Confirmation 0.24 0.28 0.18 0.14 0.90     

Perceived Ease of Use 0.22 0.21 0.26 0.06 0.31 0.85    

Perceived Usefulness 0.31 0.29 0.17 0.23 0.29 0.29 0.87   

Satisfaction 0.31 0.32 0.24 0.16 0.58 0.51 0.38 0.94  

Continuance Intention 0.08 0.11 0.12 −0.01 0.39 0.29 0.20 0.48 0.84 

 

 

Table 9.  Path analysis and robustness assessments 

Hypothesis 

Main Model  Model 2 

Mediation 

DEP  ST 

Model 3 

Mediation 

DEP  CI 
Repeated items Two-Step 

Path 

coeff. 

f² q² 

Path 

coeff. 

Path coeff. Path coeff. 

H1 CF  PU 0.21** 0.07 0.03 0.21** 0.21* 0.21** 

H2 CF  ST 0.44*** 0.35 0.25 0.43*** 0.41*** 0.43*** 

H3 PU  ST 0.16* 0.07 0.03 0.16* 0.13 (t = 0.16* 
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1.73) 

H4 PU  CI 0.02   0.02 0.02 0.04 

H5 ST  CI 0.48*** 0.29 0.16 0.48*** 0.48*** 0.50*** 

H6 CF  PEOU 0.26** 0.09 0.03 0.26** 0.26** 0.26** 

H7 PEOU  ST 0.33*** 0.21 0.14 0.33*** 0.31*** 0.33*** 

H8 DEP  PU 0.27*** 0.09 0.05 0.27*** 0.28*** 0.27*** 

H9 DEP  PEOU 0.18* 0.05 0.02 0.18* 0.18* 0.19* 

H10 DEP  CF 0.28*** 0.09 0.06 0.28*** 0.29*** 0.29*** 

 DEP  ST  

0.11 (t = 

1.64) 
 

 DEP  CI   

−0.08 (t = 

0.90) 

*** p < 0.001 ** p < 0.01 * p < 0.05 

DEP = dependency / CF= confirmation / PU = perceived usefulness / PEOU = 

perceived ease of use / ST = satisfaction / 

CI = continuance intention  
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Table 10. Mediation analysis 

 

Endogenous 

variables 

Main model (GoF = 0.42) Model 2 

DEP  ST 

(GoF = 

0.42) 

Model 3 

DEP  CI 

(GoF = 

0.42) 

Repeated items Two step 

R² Q² R² R² R² 

confirmation 0.09 0.06 0.08 0.09 0.09 

perceived usefulness 0.16 0.10 0.15 0.17 0.17 

perceived ease of use 0.14 0.08 0.12 0.14 0.14 

satisfaction 0.49 0.42 0.48 0.50 0.50 

continuance intention 0.25 0.15 0.24 0.25 0.25 
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Table 11. Final Results 

 

Hypothesis 

Model (high predictive quality, GoF = 0.41) 

Path 

coeff. 

Effect size 

f² 

Predictive 

relevance q² 

Result 

H1 CF  PU 0.21** small small supported 

H2 CF  ST 0.44*** large medium supported 

H3 PU  ST 0.16* small small 

partially 

supported 

H4 PU  CI 0.02   not supported 

     

H5 ST  CI 0.48*** medium medium supported 

H6 CF  PEOU 0.26** small small supported 

H7 PEOU  ST 0.33*** medium small supported 

H8 DEP  PU 0.27*** small small supported 

H9 DEP  PEOU 0.18* small small 

partially 

supported 

H10 DEP  CF 0.28*** small small supported 
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APPENDIX 

Table 1A.  Common Method Bias Analysis 

Item/Construct 

Substantive factor 

loading (R1) 

R1² 

Common method 

factor loading 

(R2) 

R2² 

 SoU1 0.594*** 0.353 0.167* 0.028 

 SoU2 0.983*** 0.966 −0.065* 0.004 

 SoU3 0.980*** 0.960 −0.060* 0.004 

 IO1 0.890*** 0.792 −0.029 0.001 

 IO2 0.911*** 0.830 0.013 0.000 

 IO3 0.853*** 0.728 0.015 0.000 

SolP1 0.939*** 0.882 0.027 0.001 

SolP2 0.936*** 0.876 0.022 0.000 

SolP3 0.943*** 0.889 −0.051 0.003 

 SeU1 0.863*** 0.745 0.029 0.001 

 SeU2 0.914*** 0.835 −0.026 0.001 

 SeU3 0.878*** 0.771 −0.002 0.000 

 CF1 0.917*** 0.841 0.000 0.000 

 CF2 0.846*** 0.716 0.126* 0.016 

 CF3 0.963*** 0.927 −0.144* 0.021 

 PEOU1 0.938*** 0.880 −0.089 0.008 

 PEOU2 0.740*** 0.548 0.105 0.011 



 

 

74 

 

 

 PEOU3 0.886*** 0.785 −0.045 0.002 

 PEOU4 0.743*** 0.552 0.110 0.012 

 PEOU5 0.904*** 0.817 0.002 0.000 

 PEOU6 0.876*** 0.767 −0.078 0.006 

 PU1 0.982*** 0.964 −0.079** 0.006 

 PU2 0.986*** 0.972 −0.086** 0.007 

 PU3 0.976*** 0.953 −0.048 0.002 

 PU4 0.482*** 0.232 0.293*** 0.086 

 ST1 0.946*** 0.895 −0.002 0.000 

 ST2 0.970*** 0.941 −0.010 0.000 

 ST3 0.976*** 0.953 −0.049 0.002 

 ST4 0.890*** 0.792 0.060 0.004 

 CI1 0.855*** 0.731 0.059 0.003 

 CI2 0.873*** 0.762 0.066 0.004 

 CI3 0.808*** 0.653 −0.157 0.025 

Average 0.880 0.787 0.003 0.008 

 

 


