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Abstract— This study proposes a cross-situational specialization 

framework for what, at its introduction, was a newer generation 
personal computer (PC) device (a tablet computer). With use as 
the basis for continuance adoption as the theoretical lens, this 
study explores how the tablet co-exists as a substitute- and a 
complement-in-use with incumbent PC(s). To test a model 
consisting of cross-situational use patterns, determinants, and 
outcomes, this study develops and analyzes the results of a survey 
of tablet computer use in a learning and education context. The 
results show a stronger co-existence between the tablet and the 
incumbent devices when the devices perform the same tasks in 
different, compared to the same, situations. Additionally, use of 
the PC devices as distinct units depends more on the situational 
sophistication of their features for use than sophistication of the 
devices per se. Further, user perception of the tablet’s in-use 
impact depends on its performance in situations where the 
incumbent devices have limited sophistication, while user 
perception of the tablet as an essential device depends on its 
extension of the uses of the incumbent devices to different 
situations. This study implies that when a newer generation 
personal mobile device is an imperfect substitute for incumbent 
PC devices, individual adoption of such a mobile device may 
facilitate a partial reversal of IT adoption in organizations.  

Index Terms—complementarity, substitution, systems, IT 
adoption, technology diffusion, use. 

I. INTRODUCTION 
HE phenomenon of “bring your own device” (BYOD) 
permits individuals to use their own mobile devices for 
work and professional engagements in organizational 

settings [5]. BYOD has become even more attractive to 
organizations in recent times as result of the Covid-19 
pandemic and its resultant effect on “working from home” 
(WFH) [57]. According to reference [22], organizations that 
favor BYOD save $350 per year, per employee annually, and 
the BYOD market was projected to grow from $30 billion in 
2014 to almost $367 billion by 2022. On the one hand, BYOD 
facilitates resource optimization for organizations through 
reduced investment in new device acquisition, and it increases 
productivity because individuals/employees can work flexibly 
on mobile devices across situations other than organizational 
spaces of work. However, BYOD may pose security threats to 
organizational information technology (IT) systems, such as 
software, data, and other intellectual properties, when there are 
no restrictions on how personal devices apply to specific tasks 
in IT systems in situations uncontrollable by organizations.   

So, the key question here is whether organizations should 
approve BYOD for unrestricted access to organizational IT 

systems in situations other than office spaces. If so, to what 
extent can the use of personal devices be maximized across 
situations without exposing organizational IT systems to 
security threats? The answers to the above questions are 
important not only for IT managers in organizations but also 
have important theoretical implications for the use of IT devices 
and systems as a function of technology diffusion [6], [60].  

Scholarly research on the use of IT devices and systems as a 
function of technology diffusion emphasizes traditional IT 
adoption logic underpinned by diffusion theory [59] or the 
technology acceptance model (TAM) [17], [73] and the unified 
theory of acceptance and use of technology (UTAUT, 
UTAUT2) [74], [75]. With diffusion theory, IT adoption is 
determined by the acquisition, ownership, and replacement of 
units of technological devices with new ones (e.g., [7], [50], 
[41]). This approach to IT adoption might lead to an increased 
cost for organizations due to the replacement and disposal of 
incumbent devices, particularly considering the increasing 
speed of innovation of smart devices facilitated by the “internet 
of things” (IoT). However, in technology acceptance, IT 
adoption is determined by end-user perception (e.g., perceived 
ease of use and usefulness) and expectation (e.g., effort and 
performance expectancy) of the use of the IT system 
applications (e.g., software) of devices as a standardized system 
without the distinctions of the discrete applications of the IT 
system on devices [56], [71]. This approach to traditional IT 
adoption might lead to inefficiencies in the use of IT systems in 
organizations when there is an overlap in the use of the systems’ 
applications for personal and organizational activities.  

In view of the above issues underlying traditional IT adoption 
logic, some scholars have called for further research on 
reversed IT adoption logic in which liberal IT governance 
mechanisms allow organizations to integrate the individual 
adoption of personal mobile devices into the use of IT systems 
through BYOD [5], [42], [43], [44]. Reversed adoption may 
enable organizations to reduce the cost of investment in IT 
device acquisition in the long-term [6]. It may also generate 
significant cost efficiencies in IT investment when the addition 
of new devices reduces the per unit cost of technologies with 
space constraints (e.g., organization’s Internet infrastructure) 
and technologies with ubiquitous access (e.g., cloud-based 
technologies) [8]. However, in the case of reversed adoption, 
when the use of organizational IT systems (e.g., software, data 
etc.) has no boundaries of space (e.g., office versus in-transit 
versus home situations) and tasks (e.g., access versus download 
versus upload) on personal devices, this might expose important 
corporate information in unauthorized situations. Therefore, 
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while reversed adoption is crucial for organizational IT system 
governance, organizations must clearly distinguish between 
situations and tasks that may require personal versus 
organizational devices, and that is the reason for this research. 

This study develops a cross-situational specialization (CSS) 
model to explain how the substitution for and complementarity 
between what at the time was a newer generation device, i.e., 
the tablet PC, and incumbent PC device(s) in-use affect, and are 
affected by, the evolution of the PC technology systems. An 
analysis of the CSS of use explains the circumstances in which 
two or more technological devices (e.g., desktop, laptop, tablet, 
e-reader, and smartphone) can be employed to perform the 
same set of tasks either sequentially or concurrently across 
different use situations. Understanding CSS is important to 
advance the knowledge on technology diffusion when use-
diffusion of incumbent PC technologies facilitates the 
continuance adoption of newer generation related technologies 
[62], [63], which may serve as a substitute for incumbents but 
do so imperfectly and co-exist in use in different situations [26], 
[28]. Although CSS may occur at the micro-level of use, it has 
significant implications for the macro-level of adoption because 
of the symbiotic relationship between the use and the 
continuance adoption of technologies [9], [30], [66].  

As an extension of Shih and Venkatesh’s [62] use-diffusion 
model, this study contributes to the technology diffusion 
research by reconciling traditional and reversed IT adoption 
logics. In particular, the study shows that when newer 
generation personal mobile devices serve as a substitute for 
incumbent PC devices but do so imperfectly, continuation of 
the traditional adoption of IT devices by individual users may 
partially reverse IT adoption in organizations. This occurs when 
individuals employ both the newer generation personal device 
and the incumbent organizational device as substitutes and 
complements based on the situational sophistication of the 
attributes of the devices for organizational IT systems use rather 
than the sophistication of the devices per se.   

This paper proceeds as follows. First, we review the literature 
on traditional and reversed IT adoption logics.  Second, we 
present the research background to the new CSS framework and 
develop the associated hypotheses. Next, we describe the 
research methods, present the analysis, and outline our findings. 
Further, we discuss the theoretical and practical implications of 
the results. Finally, we draw a conclusion and highlight avenues 
for future research.  

II.  LITERATURE REVIEW: FROM TRADITIONAL IT 
ADOPTION TO REVERSED IT ADOPTION 

Technology adoption remains one of the most long-standing 
areas of research in the literature of the diffusion of new 
technologies [7], [59]. However, recent developments in IT call 
for a clear distinction between devices and the systems 
embedded in devices [11], [53], [70]. Such a distinction is 
important to understand IT adoption when individual factors 
overlap with organizational factors to influence the diffusion of 
new technologies [24]. In the case of the diffusion of personal 
computer (PC) technologies, the relationship between 
organizational and individual factors is critical due to the 
evolving nature of PCs into personal mobile devices and the 

high adaptability of those devices to organizational IT systems 
[46], [60].  

However, the traditional understanding of IT adoption 
involving individuals and organizations emphasizes a top-down 
perspective, in which, for instance, an organization’s IT 
department identifies a need for, chooses, and acquires a new 
technology for the organizational actors, such as individual 
employees [34], [74]. Since the measure of IT adoption depends 
mainly on technology acquisition and ownership in this context, 
the constant replacement of earlier versions with newer 
versions of the technology remains a necessity to sustain 
adoption [16], [33], [37], [49], [50]. Despite the symbolic value 
in the acquisition and ownership of newer technologies for 
individuals [21], acquisition and ownership can be costly to 
organizational adopters if the rate of innovation is fast and the 
newer generation technologies only improve upon, rather than 
add new benefits to, the performance of older versions [45]. 
Thus, from an organization’s perspective, the acquisition and 
ownership of devices per se may offer a limited understanding 
of IT adoption. 

In contrast to the ownership view, but consistent with the 
traditional IT adoption logic, the TAM [17], UTAUT and 
UTAUT2 models [75] [20], [3], [56], [71] rather emphasize the 
use of the IT system applications of devices as a measure of IT 
adoption. While these models consider adoption based on 
individual use, rather than ownership, of IT systems 
predominantly in organizational contexts [5], they consider use 
as a qualitative experience based on user perceptions (e.g., 
TAM) and expectations (UTAUT and UTAUT2) of the generic 
or purposeful use of the IT systems embedded in devices. 
Although qualitative perceptions and expectations of IT system 
use facilitate an understanding of the process through which 
users adapt new technologies to their own use, they are limited 
in measuring IT adoption. This is particularly the case when the 
attributes of IT involve a bundle of device and IT system that 
facilitates the quantifiable rate, frequency, and variety of uses 
of the same or different attributes. Such quantifiable uses of 
attributes are important to understand how end-user acceptance 
of a technology may depend on the specific attributes of the 
device only, IT system only, or a bundle of device and IT 
system for personal and/or organizational uses. For 
organizations, it is important to discriminate between the 
attributes of IT devices and systems that must be owned or 
sourced externally when investing in IT infrastructure [48].  

Nonetheless, in extending the understanding of traditional IT 
adoption to post-adoption use-diffusion, some scholars [62], 
[63], have examined how adopters of a PC as a bundle of device 
and IT system put the attributes of the PC into discernible 
patterns of rate and variety of use at home. Shih, Wu, Wang and 
Chen [64] have examined how use-diffusion of the attributes of 
the IT system, such as voice over Internet protocol (VoIP), 
facilitate rate and variety of use for individual users. From a 
traditional IT adoption perspective, use-diffusion remains 
essential for the continuance adoption of subsequent 
generations of the technology by distinguishing between the 
attributes of the technology, which can be limited to devices 
alone, systems alone, or both devices and systems. Such a 
distinction between the attributes of devices and IT systems 
may be understood when newer generation devices are 
embedded with the same IT system applications as incumbent 
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devices but with differing levels of attribute sophistication in 
specific situations of use. For instance, while VoIP as an IT 
system may be accessed on a desktop PC device at home or at 
the office, it may be accessed on laptops, tablets, or even 
Smartphones while in-transit. Yet current research on the use-
diffusion of attributes emphasizes the same type of PC device 
in a single use situation at home [62], [63] and a single IT 
system (VoIP) whose use is unrestricted to specific situations 
[64]. From an organizational IT adoption and governance 
perspective, when use of a technology is limited to a specific 
space or situation (e.g., at home or workplace) because of 
ownership or mobility issues associated with the technology, it 
affects productivity when end-users are out of that use space. 
Conversely, when use of a technology is not restricted to a 
particular space (e.g., through the Internet and cloud 
computing), it might increase productivity due to the universal 
accessibility of the technology. However, it exposes 
organizational IT systems to security threats in public and 
unauthorized spaces. Therefore, organizations must consider 
how interactions between time and space may require 
ownership or access to IT devices and systems to optimize the 
IT spending on existing and new generation technologies. 

Optimizing the spending on existing and new generation 
technologies in organizations may lead to a reversed IT 
adoption in organizational settings where newer generation 
personal mobile devices might be integrated into the use of IT 
systems through BYOD [5], [42] [43], [44]. While BYOD may 
allow an individual to bring a personal device to a workplace or 
a professional setting, it can also allow an individual to use a 
personal device to work from either home or somewhere other 
than the workplace. However, current research on reversed IT 
adoption through BYOD does not clarify the extent to which 
different types of devices are a substitute for and complement 
one another for the same or different sets of tasks when users 
have access to different types of devices within and between 
situations for personal and organizational uses. This is 
important when there are imperfect substitutions between 
newer generation and incumbent devices [26] such that users 
might prefer devices based on the sophistication of attribute for 
use more than on the sophistication of the device per se [28]. 
This study adopts a use-diffusion framework to examine how 
the tablet PC, which, at its introduction, was a newer generation 
PC, co-exists as a substitute- and a complement-in-use with 
incumbent PC(s) in a higher education learning context. 

III. THEORETICAL FRAMEWORK AND HYPOTHESES 
DEVELOPMENT 

Use-diffusion, which explains how adopters of a technology 
put the technology into discernible patterns of use, can be 
understood by comparing use behaviour from either a static 
perspective at a particular time [62], [64] or a dynamic 
perspective across time through the evolving use of the PC 
technology following its adoption [63]. However, dynamic use-
diffusion emphasizes the continuous use of the PC technology 
in a single, but evolving, device. In contrast, static use-diffusion 
incorporates technology continuity in different devices and 
reveals that use of a home PC facilitates user interests in future 
 

1 The study distinguishes tablet computers from e-readers based on their functional purpose. We define a tablet as a PC 
that has a touchscreen but no legend keyboard. Although earlier examples existed, they had limited use, so we establish the 
beginning of the mainstream tablet computer adoption after Apple introduced the iPad device in 2010 [12]. 

technologies related to an incumbent device. Theoretically, user 
interests in future technologies related to incumbent ones can 
be examined from the perspectives of both the continuance 
adoption and use of new generation devices after adoption and 
the use of an incumbent one. However, research examines a 
sequential process in which adoption facilitates a continuance 
use of a new device as a replacement [9], [66], [30] rather than 
as an imperfect substitute for incumbent types of devices.   

Drawing on the static use-diffusion framework, the study 
examines the relationship between the new and incumbent 
devices as part of a system of independent technologies and as 
distinct units in-use. The setting for this study is PC devices 
with screens in the context of learning and educational use 
including desktops, laptops, tablets, smartphones, and e-
readers. However, a tablet computer1 represents what, at its time 
of introduction, was a newer generation PC device, because this 
device had then been only recently widely adopted. The use of 
these devices in this context involves both software and 
hardware together. However, use may involve software alone 
when it is limited to software applications (or apps) of devices 
[23] or hardware alone when it is limited to, for instance, how 
users employ a keyboard, touchscreen, or mouse across these 
devices. We consider the devices as bundles of hardware and 
software systems that perform tasks across situations.       

We extend the post-adoption static use-diffusion model to 
explain the continuance adoption and use of a tablet device 
following the earlier adoption and use of an incumbent PC 
device [62]. The static use-diffusion model derives four patterns 
of PC use from a cross-classification of high/low rates of use 
(e.g., weekly hours of use) and variety of use (e.g., number of 
different uses). These four patterns include intense, limited, 
specialized, and non-specialized use. Intense use depicts a high 
rate and a high variety of use whereas limited use depicts a low 
rate and a low variety of use. Specialized use involves a high 
rate but a low variety of use, while non-specialized use involves 
a low rate but a high variety of use.   

This study extends the static use-diffusion model based on 
specialized and non-specialized use patterns because a 
specialized use represents an established pattern with 
incumbent devices by which newer generation devices can 
diffuse in-use as part of a system of interrelated PC 
technologies for the user [38], [76]. However, a non-specialized 
use represents a non-established pattern, by which attributes 
offer distinct uses of the devices as units [38], [77]. Thus, 
specialized use explains the integration of the new and 
incumbent devices as part of IT systems for the same types of 
use, but non-specialized use explains the use of the devices as 
distinct units. The two other patterns, intense and limited use, 
fall outside the scope of this research (but remain worthy of 
investigation in future research) because these two scenarios 
emphasize cross-device intensification or limitation of use 
whereas the present research focuses on cross-situational 
specialization of use. It should be noted that intense use 
represents established and non-established uses performed by a 
high variety of attributes at a high rate across new and 
incumbent devices, whereas limited use represents established 



> TEM-23-0544 < 
 

4 

and non-established uses performed by a low variety of 
attributes at a low rate across multiple devices.  

In addition to how the devices apply to specialized and non-
specialized use, our model differs from and extends the static 
use-diffusion model in two other important ways (see Fig. 1). 
First, the static model of Shih and Venkatesh [62] views the 
new device as a pioneering device and compares multiple users 
between households. Instead, we view the new device as an 
imperfect substitute for incumbents and examine individual 
users of the new and, at least, one incumbent device for the 
same type of use. Second, the static model restricts use of the 
device to a single situation (i.e., home), but we examine use of 
the new device across multiple situations. The model in Fig. 1 
comprises three key components: (1) cross-situational use 
patterns within use-diffusion, (2) determinants of cross-
situational use, and (3) outcomes of cross-situational use. In the 
following sections, we first address the cross-situational use 
patterns as the central component of the model, and we then 
discuss the determinants and outcomes accordingly.  

 
A. Cross-situational use patterns within use-diffusion  

In the central section of Figure 1, we identify different cross-
situational use patterns of the new device in relation to 
incumbent device(s). We conceptualize cross-situational uses 
of the new device in two dimensions: depth of complementarity 
and breadth of substitution. Depth of complementarity is the 
extent to which the focal device performs the same tasks for a 
similar amount of time as do incumbents irrespective of the 
situations of use, for example, performing the same learning 
tasks a similar amount of time with the tablet whilst in-transit 
as does a laptop during a seminar, and performing these tasks 
on each device for the same amount of time at home. In contrast 
to symmetric complementarity, in which dependency 
relationship is essential (e.g., Internet and PC devices), 
complementarity-in-use is asymmetric and thus emphasizes a 
non-essential dependency relationship between multiple PC 
devices. Breadth of substitution refers to the number of times 
the new device performs tasks in place of incumbent ones 
across the same use situations – for example, performing the 
same set of learning tasks a greater number of times on the 
tablet compared with a laptop at home or a smartphone in-
transit.  

Combining depth of complementarity and breadth of 
substitution remains important for cross-situational 
specialization because, cumulatively, the devices may perform 
the same tasks for the same amount of time across all situations 
over a given period. Yet, the new device may perform 
more/fewer of these tasks in specific situations when other 
devices are present or absent. Thus, the new device may 
augment the uses of incumbents [39], [65] by complementing 
incumbent(s) in different situations for the same tasks or as a 
substitute for incumbent(s) in the same situation but for 
different tasks. Thus, we treat the two dimensions as distinct 
and will now consider their interaction. We derive four sub-
patterns of cross-situational use (see Fig. 1) in both specialized 
and non-specialized use: extensiveness, congruence, 
divergence, and exclusiveness. 
 
2 Intense and limited uses fall outside the scope of this study because they refer to the extent of intensification/limitation of 
different types of uses across multiple devices based on attributes whereas our model examines the degree of specialization of 
a new device compared to existing ones for uses across situations.  

 

 
Fig. 1. Cross-situational specialization model2  

In extensiveness, the new device has significant degrees of 
both depth of complementarity (performs the same tasks a 
similar number of times as incumbents in different situations) 
and breadth of substitution (performs the same tasks a greater 
number of times in place of incumbents in the same situation). 
For example, although a user might take a similar amount of 
time to perform email tasks on a desktop in the office as they 
do on a tablet while in-transit, the user spends a greater amount 
of time performing these tasks on the tablet compared to a 
laptop at home. Next, congruence explains how the new device 
tends toward complementarity and performs the same and 
different tasks a similar number of times as an incumbent in 
different and same situations respectively. For example, while 
in-transit, a user might take a similar amount of time to perform 
email tasks on a tablet as they do on a desktop in the office; but, 
while at home, they spend a similar amount of time performing 
different tasks with the tablet (e.g., reading) and a laptop (e.g., 
typing) than on email tasks. 

Divergence refers to a circumstance in which the new 
device’s use tends toward substitution and more frequently 
fulfills tasks in place of existing devices. For example, although 
a user reads, downloads documents, and checks emails at home, 
in-transit, and in the office with a tablet, a laptop, and a desktop, 
the user might spend a greater amount of time performing these 
tasks with the tablet compared with a laptop at home or on a 
desktop in the office. Finally, exclusiveness describes a 
circumstance in which the new device has a low level of both 
depth of complementarity and breadth of substitution compared 
with incumbents. For example, despite the minimal amount of 
time the user spends checking emails on a desktop, a laptop, and 
a tablet across situations, the user might spend a similar or less 
amount of time checking emails on the tablet compared to the 
other devices at home, in-transit, or in the office.  

These four patterns apply to specialized use in terms of how 
the new and incumbent devices perform the same tasks between 
situations, and to non-specialized use according to how the new 
and incumbent devices perform such tasks within situations. 
These sub-patterns also distinguish the four conditions either in 
specialized or non-specialized use based on user characteristics. 
At a specific point in time, a device’s use is associated with only 
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one sub-pattern for either specialized or non-specialized use. 
However, this sub-pattern may change due to user learning, new 
benefits sought, or situational dynamics [31], [55].  

B. Determinants of cross-situational uses 
The left-hand side of Figure 1 identifies four factors that may 

affect these cross-situational use patterns as described above: 
(1) technological device accumulation, (2) performance of new 
device relative to existing devices, (3) exposure of devices to a 
target-related technology, and (4) domain-specific 
sophistication of the new device. These factors have been 
identified based on the use and continuance adoption of newer 
generation technologies. Although situational factors, such as 
the availability of an electrical outlet or battery power, may 
affect cross-situational use, our model emphasizes the diffusion 
of a new device in relation to incumbents rather than to how 
such situational factors affect the choice of devices.  

From a new device point of view, related functions but 
variant features may facilitate the adoption of multiple devices 
[76], [77] whose performance in-use may arise from the tasks 
and situations in question [28]. Further, the level of exposure of 
the devices to an essential complementary technology (e.g., the 
Internet) may affect the use of the new and existing devices as 
imperfect substitutes [36]. Finally, domain-specific use 
sophistication may arise for the devices as a result of the 
differing levels of performance of the same tasks in different 
situations [28]. We develop four hypotheses related to these 
factors with respect to both specialized use (performing the 
same tasks on devices between situations) and non-specialized 
use (the degree of task performance on devices within 
situations).  

1) Technological devices accumulation  
The first determinant in Figure 1 is the accumulation of 

technological devices, which refers to the number of devices 
with related functions but variant features typical of the new 
device. Shih and Venkatesh [62] demonstrated that 
accumulated technology experience affects the rate and variety 
of uses of PCs. Technology experience develops from prior 
exposure, possession, or use of existing technological devices, 
which reduces performance uncertainty about related new 
devices [26], [76] and enhances their adoption in addition to 
incumbent devices, particularly if the new device’s function is 
cued as different from the incumbent ones [77]. This may lead 
to a functional overlap between new and incumbent devices.  

In specialized use, complementarity entails the same tasks 
performed with multiple devices, irrespective of the situation, 
and substitution refers to the degree of performance of these 
tasks with multiple devices in the same situations. Accordingly, 
the new and incumbent devices may become complements in 
specialized use by default, simply because they are imperfect 
substitutes [36]. In this case, the new device may perform 
common tasks with all incumbent devices across situations. 
Hence, the new device’s performance of tasks may increase 
with the increasing number of incumbent devices that the user 
owns or has access to.  

However, non-specialized use entails the degree of 
performance of tasks on multiple devices within situations after 
ascertaining the performance of those same tasks on these 
devices between situations in specialized use. Thus, 
complementarity and substitution, respectively, explain the 

similar and different degrees of performance of these tasks by 
the new and incumbent devices within situations. Although the 
new device may perform the same tasks as incumbent devices 
across situations in specialized use, it may be employed more 
than incumbents whilst in non-specialized use. This pattern 
occurs because, although the user has formed a habit of 
performing these tasks with the incumbent devices and 
continues to maintain this habit, the new device can enhance the 
performance of these tasks, compared to the incumbent devices, 
due to its enhanced functionality [77]. Thus, we hypothesize as 
follows:  
H1: The greater the number of incumbent devices related to the new device, (a) 
the higher the depth of complementarity in specialized use, but (b) the higher 
the breadth of substitution in non-specialized use for the new device.  

2) Performance of a new device relative to incumbent devices  
The second determinant in Fig. 1 reflects the extent to which 

a new device facilitates a greater number of tasks than existing 
ones across situations. Research on bundling of technology 
components for, and by, users [2], [25] suggests that users may 
employ multiple devices to perform the same tasks depending 
on the technological performance of the devices in simplifying 
the tasks or increasing the number of tasks to be performed 
across situations [28], [29]. Because specialized use explains 
the use of multiple devices between situations, the greater 
performance of a new device relative to incumbents may lead 
to its facilitation of tasks in more situations. This outcome may 
arise because the new device (tablet PC) includes an enhanced 
level of certain features such as portability. However, in non-
specialized use, the new device may perform tasks to an equal 
or greater extent, compared with existing devices, in the same 
situations because of its enhanced or additional functions. Thus, 
we hypothesize that:  
H2: The greater the performance of the new device relative to incumbents, (a) 
the higher the depth of complementarity, but the lower the breath of substitution 
in specialized use, and (b) the higher the depth of complementarity and breadth 
of substitution in non-specialized use for the new device.  

3) Exposure of a device’s use to a target-related technology 
This third determinant in Figure 1 involves exposure to a 

target-related technology, such as the Internet, as a symmetric 
complement whose use essentially depends on a class of 
products such as PC devices [36]. Shih and Venkatesh [62] find 
that users’ exposure to target-related complementary 
technologies to the PC (e.g., fax machines, videogame 
consoles), enhances the use-diffusion of the PC and affects the 
uses of the complementary technologies. Research also shows 
that the adoption of PCs is intricately linked to diffusion of the 
Internet [18]. Thus, the level of exposure of the new device’s 
use to the Internet may constrain or enhance its performance of 
tasks between or within situations compared to other devices. 
Considering that the diffusion of PCs with the Internet involves 
the cost of infrastructure installation, particularly for first-
generation devices [18], Internet use on incumbent devices may 
be limited to specific situations, such as home use. 
Additionally, the evolution of IT from analog to digital may 
constrain or enhance Internet access across multiple devices 
depending on its cost to users [36]. Accordingly, in specialized 
use, greater exposure of the new device’s use to a target-related 
technology (i.e., the Internet) may lead to a reduced likelihood 
of employing other devices to perform the same tasks as the 
new device in situations where the Internet is easily accessible 
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across devices. However, in non-specialized use, greater 
exposure of the new device’s use to the Internet should lead to 
a similar or greater degree of performance of tasks by the new 
device compared with incumbents. This is because, in static 
situations such as the home or the office, access to Wi-Fi on 
multiple devices may come at a fixed cost, and the access may 
be unlimited over a period (e.g., a month). Additionally, the 
enhanced functions of the new device may enable greater 
performance of some tasks compared with existing devices. 
Thus, we hypothesize that:  
H3: The greater the exposure of the new device to a target-related technology, 
(a) the lower the likelihood of complementarity or substitution in specialized 
use, but (b) the higher the depth of complementarity and breadth of substitution 
in non-specialized use for the new device. 

4) Domain-specific use sophistication of a device 
The fourth and final determinant in Figure 1 involves the 

inherent characteristics of technology-related products that 
define their sophistication. Such sophistication may arise when 
customer- or user-migration paths for an evolving technology 
are affected by successive generations positioned at different 
levels [52] with both similar and different functionalities [30]. 
With the increasing exposure of computers to the cloud [8], 
domain-specific use sophistication may arise from the differing 
levels of exposure of multiple devices to same types of use with 
varying tasks across situations [60]. For example, as a result of 
differing levels of sophistication, a user may scan a hardcopy 
document with a tablet and save it in the cloud, engage a laptop 
to convert this document from one file format to another (e.g., 
PDF, JPEG), and access the document frequently from the 
cloud with their smartphone for reading.  

Thus, in specialized use, greater domain-specific use 
sophistication of the new device may lead to the performance 
of the same tasks by the new and incumbent devices but more 
so in the same than in different situations. This behavior arises 
because although the devices are embedded with similar 
functions, the new device comes with enhanced features (e.g., 
platforms for apps) that enable the performance of more of the 
tasks usually performed by incumbent devices as an imperfect 
substitute [65]. However, in non-specialized use, greater 
domain-specific use sophistication of the new device may lead 
to a similar or greater degree of performance of tasks by the 
new device in the same situations compared with incumbents. 
Essentially, the newness and enhanced features of the device (at 
the time) may influence the use of the new device more 
frequently, compared with incumbents, within those situations. 
Thus, we hypothesize as follows: 
H4: The greater the domain-specific use sophistication of new the device, (a) 
the lower the depth of complementarity but the higher the breadth of 
substitution in specialized use, and (b) the higher the breadth of substitution in 
non-specialized use for the new device. 
 
C. Outcomes of cross-situational uses within use-diffusion  

The right-hand side of Fig. 1 shows the outcomes that may 
result from cross-situational use patterns, including (1) 
perceived impact of the new technological device on 
incumbents, (2) perceived essentialness of the new device, and 
3) interest in future-related technologies. These outcomes are 
derived from studies of the multiple adoption of substitutable 
and complementary technological devices [26], [36], user 
perception on the performance of the new device in relation to 
incumbents in-use [62], [76], [77] and the bundling and 

distinction of functional features of new generation devices for 
users [2], [28]. We now discuss these outlines in more detail. 
 
1) Perceived impact of the new technological device on 
incumbent devices 

When users become familiar with existing technological 
devices, they continue to adopt newer generation devices to 
guarantee or enhance the use of the incumbent devices. Shih 
and Venkatesh [62] found that use-diffusion leads to interest in 
future-related technologies. As such, users may adopt new 
technological devices based on prior experience, possession, or 
use of the incumbent devices [76], [77]. In specialized use, the 
exclusiveness sub-pattern should result in the highest 
consideration of the new device as enhancing the use of 
incumbent devices compared with all the other sub-patterns. 
This is because, when multiple devices serve the same use with 
similar attributes, users judge their performance similarly in 
terms of attribute performance levels [76]. However, 
differences in attributes can also differentiate between the new 
and incumbent devices in terms of use [77]. Thus, the 
exclusiveness sub-pattern involving both lower 
complementarity and substitution may reduce the uncertainty 
costs of integrating the new device with incumbents for the 
same use and help establish a point of difference for the new 
device.  

However, in non-specialized use, the divergence sub-pattern 
should result in the highest consideration of the new device as 
enhancing the use of incumbent devices compared with all the 
other sub-patterns. Although the new and existing devices 
perform the same tasks, situations in which the new device 
increasingly performs these tasks better than the existing 
devices will establish a niche performance for the new device. 
Such a niche performance of the new device characterizes the 
divergence sub-pattern in which the device has a high breadth 
of substitution and a lower depth of complementarity in-use 
with existing devices. Therefore, we hypothesize as follows: 
H5: The perception of the new device’s enhancement of uses of incumbent 
devices will be (a) highest for the exclusiveness sub-pattern compared with all 
other sub-patterns in specialized use, and (b) highest for the divergence sub-
pattern compared with all other sub-patterns in non-specialized use.  

2) Perceived essentialness of the new technological device  
Prior research has discussed the effect of a successful use of 

a technology on satisfaction [4], [35] as well as its essentialness 
to users [62]. Existing technological devices performing similar 
functions for users also may affect user perception of a new 
technology’s essentialness. For instance, Han, Chung and Sohn 
[28] found that, depending on technological performance, users 
may draw on multiple devices for the same tasks but in different 
situations. By implication, user perception of the new device’s 
essentialness may arise from its level of integration with 
incumbent devices to perform tasks across situations.  

In specialized use, the exclusiveness sub-pattern should 
result in the highest perception of the new device’s 
essentialness. Users can derive the benefits of lower search 
costs, lower risk of trial, and lower costs of uncertainty about 
use from the integration of devices [76], [77]. This perceived 
essentialness of the new device arises from the performance of 
some core uses across multiple devices regardless of 
differences in attributes or features. In contrast, the divergence 
sub-pattern should result in the highest perception of the new 
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device’s essentialness in non-specialized use. Despite the 
integration of the devices for the same tasks, users may apply 
the new device more in situations in which incumbent devices 
perform tasks to only a minimal extent [28]. Therefore, we 
hypothesize that:  
H6: The perceived essentialness of the new device as part of a set of integrated 
devices will be (a) highest for the exclusiveness sub-pattern compared with all 
other sub-patterns in specialized use, and (b) highest for the divergence sub-
pattern compared with all other sub-patterns in non-specialized use. 

3) Interest in new (future) technologies 
The static use-diffusion model shows that use of a new 

technology leads to an interest in future-related technologies. 
This is because, when a technology becomes a part of users’ 
daily activities, users become more satisfied with the 
technology, and their level of resistance to adopting an 
alternative increases [35]. Moreover, the diffusion of a 
technology into households increases the perception of its 
essentialness in the home, and its impact on daily life, meaning 
users may become interested in acquiring future-related 
technologies [62]. Because the level of interest in acquiring a 
future technology depends on the extent of users’ integration of 
existing technologies into their daily activities, users may be 
interested in a technology with a distinctive function that offers 
a superior performance of specific tasks or a bundle of functions 
that converge around the user’s goal [28], [29]. The difference 
between technologies with distinct and bundled functions 
remains important for innovators because the bundling of 
functions of new technologies in the upstream may be wasted if 
the user is interested in a distinct function in that bundle to 
facilitate their own bundling of different technologies in the 
downstream [2], [25]. 

Shih and Venkatesh [62] found that non-specialized use leads 
to a higher interest in future-related technologies compared 
with a specialized use because of the time and effort required to 
develop expertise in applying existing technology to routine 
tasks in specialized use. User preferences between 
technologically distinct and bundled devices are based on the 
performance of their attributes [28]. Thus, interest in future 
technologies may differ between the uses of these types of 
devices. We predict that the exclusiveness sub-pattern will 
result in the highest interest in future-related technologically 
distinct devices compared with all other sub-patterns in 
specialized use. This is because users may have invested time 
and effort in learning the uses of the devices for routine tasks 
[62] and, as such, may require enhanced, rather than additional, 
functions in a new device [39]. However, we expect no 
significant differences between the sub-patterns in the non-
specialized use in terms of interest in future-related 
technologically distinct devices. Because non-specialized use 
involves differences in the use of devices based on attributes, 
users may prefer more variety to the simplicity of attributes 
[29]. Thus, we hypothesize that: 
H7a: Within specialized use, the exclusiveness sub-pattern will result in the 
highest interest in a future-related technologically distinct device compared 
with all other sub-patterns. 
H7b: Within non-specialized use, there will be no significant differences 
between the sub-patterns for interest in future-related technologically distinct 
devices. 

For a technologically bundled device, although we expect the 
exclusiveness sub-pattern in specialized use to result in the 

highest interest among users, this interest should not be 
significantly different from the congruence sub-pattern. 
Because a technologically bundled device incorporates the 
functions of other devices, it is likely to share uses with other 
existing devices [28], [29]. However, in non-specialized use, 
the divergence sub-pattern will result in the highest interest in 
the technologically bundled device compared with all other sub-
patterns. This is because, besides the general emphasis on the 
different uses of multiple devices in non-specialized use, the 
divergence sub-pattern emphasizes substitution of one device 
for multiple tasks. Therefore, a technologically bundled device, 
which incorporates the functions of multiple devices, should 
perform an increasing number of tasks in place of other devices 
for the divergence sub-pattern. Nonetheless, considering that a 
technologically bundled device shares uses with other devices 
[28], we expect no significant differences between the interest 
shown in the divergence sub-pattern and those in the 
extensiveness sub-pattern within non-specialized use. This is 
because the substitution of a new technologically bundled 
device for incumbents may also lead to a complementarity with 
such incumbent devices. Therefore, we hypothesize as follows: 
H8a: Within specialized use, although the exclusiveness sub-pattern will result 
in the highest interest in a future-related technologically bundled device, this 
will not be significantly different from that of the congruence sub-pattern. 
H8b: Within non-specialized use, although the divergence sub-pattern will 
result in the highest interest in a future-related technologically bundled device, 
this will not be significantly different from that of the extensiveness sub-pattern. 
 

IV. METHODS 
A. Sample 

To examine the diffusion of the tablet PC in-use alongside 
incumbent PC device(s), we select the learning and educational 
use context. Because we examine the same type of use across 
multiple devices, we seek to generalize the validity of the 
sample to one-to-one relationships between, for instance, a 
university and its individual actors, such as students or 
employees. Shih and Venkatesh [62] identified various types of 
PC use including learning, working, entertainment, and 
financial and information management, among other uses. 
However, we deem learning and education use to be the most 
appropriate to achieve a reasonable level of parsimony in 
understanding the relationship between traditional and reversed 
IT adoption. This is because learning and education use 
provides a context to examine the structured and unstructured 
use of PC devices across a variety of situations [60]. This is 
unlike working or entertainment uses, which may be skewed 
towards structured and unstructured tasks respectively. 
Accordingly, cross-sectional survey data were collected from 
respondents studying at Australian universities who own and 
apply tablet PCs for learning and educational use. A substantial 
proportion of individuals studying at university are highly 
knowledgeable about technology, and the current generation of 
students is driving the increasing adoption and diffusion of 
mobile computing devices in higher education. A survey in 
Canadian and U.S. universities showed that more than 67% of 
students consider mobile devices important to their academic 
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outcomes [15]. We focus on a tablet PC, which at the time of 
data collection was a relatively newer addition. Tablets offer 
functions similar to, yet also different from, those of other PC 
devices, suggesting a functional design as an imperfect 
substitute. Arguably, nowadays, mobiles have become more 
important, and the question is whether a tablet’s use has levelled 
off. However, this study emphasizes how the interaction 
between the tablet and other PC devices as part of a system and 
as units explains the sustainability of new generation devices.    

The population of potential respondents covered all of 
Australia. However, because the questionnaire sought to 
maximize the exchanges occurring around the same type of use 
for new and incumbent devices across situations, the sample 
selection was purposive [32]. Qualtrics, a well-regarded market 
research company, was selected to sample and administer the 
questionnaire and obtain a balanced and representative sample 
from the target population. An initial questionnaire was 
pretested with 30 undergraduate, postgraduate coursework, and 
postgraduate research students from a large Australian 
university, with students drawn from different faculties and 
departments. Their feedback was incorporated into the final 
version of the questionnaire. Potential respondents were first 
asked if they owned a tablet PC, and non-owners were 
excluded. The remaining candidates were then asked if they 
employed the tablet for learning and educational uses. If so, 
they completed the questionnaire; otherwise, they were 
screened out.  

Information on use of other device(s) at least once a week, 
use of a tablet PC, and period of ownership of device(s) was 
also captured to ensure that the user’s adoption of the tablet 
computer followed on from their experience with at least one 
existing type of PC device. A total of 363 respondents 
attempted the survey, with 315 (86%) respondents, consisting 
of 38% men and 62% women, satisfactorily completing the 
entire survey. All 315 respondents indicated that, in 2014, they 
had owned and frequently used a laptop in the previous five 
years. Thus, we concluded that the tablet PC, which was widely 
adopted after the launch of the iPad in 2010, follows the laptop 
as a new generation device.   

B. Measures 

1) Dependent variable: Complementarity and substitution in 
specialized use 

Specialized use involves a high rate but a low variety of use. 
Thus, the measures of complementarity and substitution 
involve the occurrence of tasks on new and incumbent devices 
across situations. Substitution involves the same tasks on 
multiple devices in the same situations [67], [68], whereas 
complementarity involves the occurrence of the same tasks on 
multiple devices across different situations [58], [65]. We 
measure complementarity and substitution with 15 learning and 
educational tasks observed across 5 situations, as shown in 
Table I, displayed in a matrix of 75 cells. We identified these as 
appropriate tasks and situations to consider after an in-depth 
two-hour focus group discussion with 10 research students. 

For complementarity, we observe counts of categorical 
responses (1 = “yes,” 0 = “no”). The measures indicate cells for 
which respondents indicated employing a tablet PC (1 = “yes”) 
and other devices (1 = “yes”) for tasks in the same situations; 

for which they employed the tablet for a task in one situation (1 
= “yes”) but employed other devices for the same task in a 
different situation; and for which they employed the tablet for 
tasks in one situation (1 = “yes”) but both the tablet and other 
devices for the same tasks in another situation. Adding the three 
counts and dividing by the number of cells (maximum of 75) to 
which each user responded, relative to both the tablet and other 
devices, provides the measure of complementarity-in-use.  

For substitution, we count responses to cells in which 
respondents indicated employing a tablet PC (1 = “yes”) as well 
as other devices (1 = “yes”) for tasks in the same situations. We 
again sum the counted cells and divide by the maximum 
number of cells (75) to which the user responded for both the 
tablet and other devices. Using mean splits, we dichotomize 
complementarity and substitution, denoting them as having 
high/low depth and breadth, respectively, because our measures 
of both variables are based on an index. The dichotomization 
makes the measures adaptable to arithmetic and algebraic 
treatments [47], [61]. Together, complementarity and 
substitution form a 2 × 2 matrix of sub-patterns within 
specialized use (see Fig. 1). See Tables II and III below for the 
distribution of respondents. 

2) Dependent variable: Complementarity and substitution in 
non-specialized use 

Non-specialized use involves a high variety but low rate of 
use, capturing the degree of application of devices to tasks 
within situations. Within situations, substitution entails 
performing the same tasks a different number of times across 
multiple devices; complementarity pertains to performing the 
same tasks the same number of times across multiple devices 
[58], [65]. We consider 15 learning and educational tasks and 5 
situations (Table I). For complementarity, we count responses 
to the cells for which the respondent indicated the same degree 
of engagement of the tablet as other devices for use (1 = “least 
engaged,” and 4 = “most engaged”). Then, we sum the values 
of the degree of engagement of the tablet with the same value 
as those for other devices. The total degree of engagement of 
the tablet is divided by the total degree of engagement of all 

TABLE I 
TASKS AND SITUATIONS FOR EMPIRICAL MEASURES 

Tasks Situations of use 

-Accessing school’s online portal 
-Accessing/writing school-related emails 
-Reading a short note/document 
-Reading a comprehensive document/e-
book/article 
-Writing/typing a short note/jotting down points 
-Writing/typing a comprehensive 
document/assignment 
-Audio/video recording a 
lecture/presentation/seminar 
-Watching/listening to 
lecture/presentation/seminar 
-Downloading articles and educational 
materials 
-Printing articles and educational materials 
-Storage/saving articles/educational materials 
-Designing symbols/diagrams/tables 
-Data analysis/calculation of data  
-Delivering a lecture/presentation/seminar 
-Accessing any other Internet-related 
educational material not listed above 

-At home 
-In the office 
-At a lecture/seminar/group 
discussion 
-In-transit (in a car, in a 
train, in a flight, walking) 
-At a destination other than 
those listed (e.g., open 
place like a park) 
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devices (tablet inclusive) in all cells (maximum of 75), 
irrespective of the degree of engagement of any of the devices 
by the user.  

 For substitution, we count responses to the cells representing 
the same situations in which both the tablet and other devices 
indicate an engagement (1 = “least engaged,” and 4 = “most 
engaged”). The count of cells includes those in which the tablet 
indicates an engagement, which may be greater than, equal to, 
or less than that on other devices. We sum the values on the 
tablet and on other devices for these tasks in the same situations 
and then calculate the ratio of the degree of engagement of the 
tablet for those tasks in such situations. We sum the ratios for 

the tablet to the tasks in each situation and divide this sum by 
the number of cells in which the tablet and other devices show 
an engagement (maximum of 75). We dichotomize 
complementarity and substitution into high/low depth and 
breadth, respectively, with a mean split, to adapt the measures 
to arithmetic treatments. Thus, complementarity and 
substitution form a 2 × 2 matrix (Fig. 1) of sub-patterns in non-
specialized use.  

3) Independent variable: Determinants of cross-situational use 
We operationalize technological devices accumulation as the 

number of different types of PC devices with at least one 
functional feature of the tablet (i.e., the desktop, the laptop, the 
e-reader, and the smartphone). We measure new technology 
performance relative to incumbents as the number of tasks 
performed with greater frequency of occurrence on the tablet, 
multiplied by the number of situations in which the tablet can 
perform a greater number of tasks compared with other devices, 
and this is divided by 75 cells. Exposure to a target-related 
technology was measured by the ratio of hours spent on the 
Internet on the tablet PC to the hours spent on the Internet across 
all devices (tablet inclusive) per week. Domain-specific use 
sophistication of device reflects the average degree of 
engagement of the tablet and other devices for 15 tasks across 
5 situations. We note that the measurement of these 

independent variables with proxies generally poses some 
limitations. However, in the context of PC technologies, such 
proxy measures are considered acceptable for operationalizing 
user behaviors [19], [62]. 

Finally, we include user expertise and the acquisition 
capability of devices as control variables, to test if the main 
hypotheses hold in the presence of these characteristics. We 
include user expertise because Anderson and Ortinau [4] 
revealed that with PC devices, use often precedes adoption. 
Similarly, we include acquisition capability because Golder and 
Tellis [27] found that users’ ability to afford a new technology 
enhances its diffusion for such users. Table IV summarizes the 
measures for the determinants of cross-situational uses.  
4) Outcomes of cross-situational uses within use-diffusion  

We adapted the measures of perceived enhancement of the 
uses of existing devices by the new device and the perceived 
essentialness of the new device from the 5-point Likert scales 
developed by Shih and Venkatesh [62]. Additionally, drawing 
on Han et al. [28] and Shih and Venkatesh [62], four fictional 
devices were each presented to respondents as technologically 
distinct and bundled devices relating to education and learning 
experience delivery to measure their level of interest in these 

devices (1 = least interested, and 4 = most interested). These 
fictitious devices were developed from a focus group discussion 
that formed part of the questionnaire development process. We 
examine only variations in the outcomes as a result of the 
classification of respondents into sub-patterns in specialized 
and non-specialized use patterns. Thus, we take the mean of 

TABLE II 
MEASURES FOR COMPLEMENTARITY AND SUBSTITUTION IN-

USE 
 Mean Median Standard 

deviation 

Speci
alized 
use 

Non-
Speciali

zed  
use 

Speci
alized 
use 

Non-
Specialize

d use 

Speci
alized 
use 

Non-
Speciali
zed use 

Complement
arity-in-use 

0.77 0.48 0.83 0.49 0.23 0.09 

Substitution-
in-use 

0.66 0.30 0.68 0.30 0.26 0.13 

 
TABLE III  

CLASSIFICATION OF RESPONDENTS INTO CROSS-SITUATIONAL 
USE PATTERNS 

Cross-
situational 
patterns 

Complementarity-
in-use 

Substitution-
in-use 

Percentage of sample 

Specialized 
use % 

Non-
Specialized 
use % 

Extensiveness High High 42.4 35.2 
Congruence High Low 12.4 18.4 
Divergence Low High 11.2 14.6 
Exclusiveness   Low Low 34.0 31.8 

 
 

TABLE IV 
SUMMARY OF DETERMINANTS OF CROSS-SITUATIONAL USES 

Variable Name 
and Description 

Measure Mean Standard 
Deviation 

Technological 
device 
accumulation 

The number of different types of PC 
devices with, at least, one 
functional feature of the tablet (i.e., 
the desktop, the laptop, the e-
reader, and the smartphone) owned 
by the user, indexed against the 
maximum number of devices under 
consideration (4)  

2.90 0.81 

New device 
performance 
relative to 
incumbents  

Number of tasks with greater 
frequency of occurrence on the 
tablet compared with other devices, 
multiplied by the number of 
situations in which the tablet has 
greater number of tasks compared 
with other devices, divided by 75 
cells 

0.11 0.18 

User exposure 
to a target-
related 
technology  

The ratio of number of hours spent 
on the Internet on the tablet to the 
number of hours spent on the 
Internet across all devices (tablet 
inclusive) per week 

0.22 0.26 

Domain-
specific use 
sophistication 
of devices 

The average level (1 = minimum, 4 
= maximum) of application of the 
tablet and other devices to 15 tasks 
across 5 situations 

1.53 0.80 

User expertise A five-item scale adapted from 

Price and Ridgway (1983), with α = 

0.840, AVE = 0.6178 

2.19 0.72 

Acquisition 
capability of 
technologies 

A one-item scale to measure the 
ability of respondents to acquire or 
purchase the technologies in the 
category under study (1 = minimum, 
5 = maximum) 

4.07 0.90 
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each outcome variable for the analysis and perform a reliability 
check on the first two outcomes measuring user perceptions to 
assess the internal consistency of the items measuring those 
variables. Table V shows that each of the variables measuring 
user perceptions has a Cronbach’s alpha value greater than 0.70, 
so they are reliable for this analysis [51]. 

V. ANALYSIS AND RESULTS 

Fig. 1 (model) contains three major components, namely, 
cross-situational use patterns, determinants, and outcomes, 
along with more granular subcomponents. In cross-situational 
use, we examine cross-situational patterns in specialized and 
non-specialized use. While these patterns in specialized use 
explain the occurrence of the same tasks on multiple devices 
between situations, those in non-specialized use explain the 
degree of task occurrence on the devices within situations.  
In specialized use, the four patterns are the levels of a 
categorical variable, which explains the likelihood of every user 
experiencing one of those patterns as a result of the determinant 
variables. However, for users who may be engaging with the 
new and existing devices across the same situations, the four 
patterns in non-specialized use explain the likelihood of a user 
experiencing one of those patterns on top of their experience in 
specialized use. Given the categorical nature of the dependent 
variable(s), i.e., specialized and non-specialized use, and the 

four levels of the dependent variables (four patterns), we adopt 
a multinomial logistic regression (MNL) analysis to examine 
the relationship between the determinants and the occurrence of 
cross-situational use patterns. MNL regression analysis is the 
most appropriate linear regression to adopt when the analysis 
involves a categorical dependent variable with more than two 
levels because it enables the estimation of the likelihood of 
occurrence of any of the levels by utilizing one of them as a 
control group [10]. In this, it differs from multiple discriminant 
analysis, which focuses on maximizing, instead of estimating, 
the occurrence likelihood of the differences between the groups. 

However, for the outcomes of cross-situational use patterns, 
although we examine the variation in the four sub-patterns for 
both specialized and non-specialized use, the ultimate purpose 
for analyzing the outcomes is to examine user perception of the 
new device’s co-existence with existing devices across different 
situations compared with the extent of such co-existence within 
the same situations. Ultimately, we compare the sub-pattern 
with the highest mean in specialized use to that in non-
specialized use to determine the consistency (or otherwise) of 
user perception of the co-existence relationship in specialized 
and non-specialized use. Thus, we employ analysis of variance 
(ANOVA) with multiple post hoc contrasts to estimate the 
hypothesized relationships between cross-situational use 
patterns and the outcomes.    

A. Multinomial logistic regression (MNL) analysis 
MNL regression analysis estimates the number of categories 

(k) of a dependent variable according to k-1 logit equations 
[10]. MNL utilizes one category as a control category for 
comparing the parameter estimates of the other categories [62]. 
Thus, we conduct an MNL regression analysis of the four sub-
patterns, using the exclusiveness sub-pattern as a control 
category in both specialized and non-specialized use. We 
interpret the results based on parameter estimates and standard 
errors in Table VI. The determinants explain the sub-patterns in 
specialized use (R2 = 0.543) better than in non-specialized use 
(R2 = 0.232). 

The results show that the accumulation of technological 
devices has no significant relationship with the sub-patterns in 

TABLE V 

ASSESSMENT OF MEASUREMENT SCALES FOR OUTCOME 
VARIABLES 

Variable Mean Standard 
Deviation 

Median Cronbach’s 
Alpha (α) 

Perceived impact of new 
device on incumbents  

2.04 0.77 2.00 0.884 

Perceived essentialness 
of the new device in 
relation to incumbents 

2.24 0.86 2.20 0.903 

Interest in future-related 
technologically distinct 
device 

2.03 0.73 2.00  

Interest in future-related 
technologically bundled 
device 

1.90 0.77 1.75  

 
 
 

 

TABLE VI 
RESULTS OF MNL REGRESSION ANALYSIS 

 Specialized pattern of use-diffusion Non-specialized pattern of use-diffusion 

 Extensiven
ess  

S. E. Congrue
nce 

S. E. Diverge
nce 

S. E. Extensiven
ess 

S. E. Congrue
nce 

S. E. Divergence S. E. 

Intercept -4.371*** 1.222 -1.305 1.948 -3.378 2.039 -3.752*** 1.192 -3.290** 1.352 -5.451*** 1.458 

Technological device 
accumulation 

1.262 0. 813 -0.012 1.144 2.728 1.682 0.472 0.797 1.020 0.911 1.249 0.984 

New device performance 
relative to incumbents 

1.357 1.185 7.451*** 1.278 -16.916 9.281 2.973*** 0.962 0.399 1.173 1.379 1.267 

Exposure to a target-
related technology 
(Internet) 

1.737 0.738 0.388 1.185 0.723 1.295 3.609*** 0.763 2.820*** 0.829 1.090 0.907 

Domain-specific use 
sophistication of device  

2.122*** 0.274 0.095 0.438 0.909** 0.456 0.726*** 0.219 -0.241 0.247 0.649** 0.262 

User expertise -0.040 0.146 -0.373 0.270 0.056 0.246 0.190 0.155 0.144 0.171 0.546*** 0.175 
Acquisition capability of 
technologies 

-0.005 0.182 -0.163 0.286 -0.396 0.326 0.007 0.175 0.195 0.211 0.208 0.217 

-2 LL 475.861      757.933      
Model χ2 203.895***      76.392***      
Pearson χ2 763.974      1028.692      
Pseudo – R2 0.543      0.232      

** p < 0.05, ***p < 0.01. Notes: The exclusiveness sub-pattern is the control category in specialized use and in non-specialized use. 
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specialized (β = 1.262, n. s.) or non-specialized (β = 1.249, n. 
s.) use. This finding does not support H1a and H1b. In support 
of H2a and H2b, though, the new device’s performance relative 
to that of incumbent devices relates positively to the congruence 
sub-pattern in specialized use (β = 7.451, p < .01) and to the 
extensiveness sub-pattern in non-specialized use (β = 2.973, p 
< .01). Consistent with H3a and H3b, exposure to a target-
related technology has no significant relationship with the sub-
patterns in specialized use, but it relates positively to the 
extensiveness (β = 3.609, p < .01) and congruence (β = 2.820, 
p < .01) sub-patterns in non-specialized use. The domain-
specific use sophistication of the new device relates positively 
to the divergence sub-pattern in specialized use (β = 0.909, p < 
.05) and the extensiveness sub-pattern in non-specialized use (β 
= 0.726, p < .01), as we predicted in H4a and H4b. 

Among the control variables included to test if the main 
hypotheses hold in the presence of various user characteristics, 
we find that user expertise relates positively to the divergence 
sub-pattern in non-specialized use (β = 0.546, p < .01). Another 
control, acquisition capability, has no significant relationship 
with any of the sub-patterns in specialized or non-specialized 
use.  

B. CSS outcomes: Analysis of variance (ANOVA) with multiple 
post hoc comparisons   

An ANOVA with multiple comparisons (Tables VII and 
VIII) reveals comparable outcomes across the sub-patterns in 
specialized and non-specialized use. Specifically, users who fell 
into the exclusiveness sub-pattern in specialized use rated the 
new device highest in terms of its enhancement of the uses of 
incumbent devices compared with the congruence, 
extensiveness, and divergence sub-patterns, respectively (2.340 
versus 1.985, 1.877, 1.786, p < 0.01). In contrast, in non-
specialized use, respondents in the divergence sub-pattern rated 
the new device highest for its enhancement of uses of 
incumbent ones compared with the exclusiveness, congruence, 

and extensiveness sub-patterns, respectively (2.344 versus 
2.180, 2.076, 1.780, p < 0.01). These findings support H5a and 
H5b. Additionally, and though not hypothesized, the rating of 
the new device’s enhancement of the uses of incumbent devices 
remains higher for the divergence sub-pattern in non-
specialized use (H5b) than for the exclusiveness sub-pattern in 
specialized use (H5a) (2.344 versus 2.340, p < 0.01).  

Regarding the new device’s essentialness, respondents in the 
exclusiveness sub-pattern rated the new device highest, above 
the congruence, extensiveness, and divergence sub-patterns, in 
specialized use (2.652 versus 2.108, 2.017, 1.971, p < 0.01), 
whereas the divergence sub-pattern produced the highest 
ratings of the new device above the exclusiveness, congruence, 
and extensiveness sub-patterns in non-specialized use (2.630 
versus 2.464, 2.210, 1.897, p < 0.01). These findings are 
consistent with our predictions in H6a and H6b. Additionally, 
and though not hypothesized, the rating of the new device’s 
essentialness as part of integrated devices remains higher for 
the exclusiveness sub-pattern in specialized use (H6a) 
compared with the divergence sub-pattern in non-specialized 
use (H6b) (2.652 vs. 2.630, p < 0.01). 

The results also show that users who fell into the 
exclusiveness sub-pattern in specialized use expressed the 
highest interest over the congruence, divergence, and 
extensiveness sub-patterns respectively, in future 
technologically distinct devices (2.286 versus 2.200, 1.957, 
1.808, p < 0.01). However, as predicted, there is no significant 
difference amongst the sub-patterns in non-specialized use for 
interest in future technologically distinct devices. This finding 
supports H7a and H7b. Finally, the results show that although 
the exclusiveness sub-pattern in specialized use leads to the 
highest interest in future technologically bundled devices, this 
is not significantly different from that of the congruence sub-
pattern. However, the exclusiveness and congruence sub-
patterns remain significantly different from the divergence and 

extensiveness sub-patterns in specialized use (2.222 & 1.936 
versus 1.692 & 1.661, p < 0.01). Surprisingly, no significant 
differences were found among the sub-patterns in non-
specialized use for interest in future-related technologically 
bundled devices. Thus, while H8a is supported, H8b is not. 

 
VI. DISCUSSION 

This study examines the CSS of a newer generation device 
that co-exists with incumbent devices in-use. The findings 
support this co-existence relationship. In particular, the co-
existence is stronger when the new and incumbent devices 

TABLE VIII 
ANOVA COMPARISON OF SUB-PATTERNS IN SPECIALIZED AND 

NON-SPECIALIZED USE 
 Specialized 

pattern of use-
diffusion 

Non-specialized pattern 
of use-diffusion 

 Exclusiveness  Divergence 

Perceived impact of new 
device on incumbents 
 

2.340b 2.344a 

Perceived essentialness of 
the new device in relation to 
incumbents  

2.652a 2.630b 

***p < 0.01 

 
 

TABLE VII 
ANOVA WITH MULTIPLE COMPARISON T-TESTS FOR THE OUTCOMES OF CROSS-SITUATIONAL USE PATTERNS 

  Specialized pattern of use-diffusion Non-specialized pattern of use-diffusion 

 F Extensi
veness 

Congru
ence 

Diverge
nce 

Exclusiv
eness 

F Extensi
veness 

Congru
ence 

Diverge
nce 

Exclusiv
eness 

Perceived impact of new device on 
incumbents 

9.003*** 1.877c 1.985b 1.786c 2.340a 8.344*** 1.780c 2.076c 2.344a 2.180b 

Perceived essentialness of the new device 14.051*** 2.017b 2.108b 1.971b 2.652a 12.629*** 1.897c 2.210c 2.630a 2.464b 

Interest in future technologically distinct 
device 

11.015*** 1.808c 2.200b 1.957b 2.286a 2.020 1.937 1.924 2.144 2.128 

Interest in future technologically bundled 
device 

11.447*** 1.692b 1.936a 1.661b 2.222a 1.939 1.775 1.892 1.940 2.028 

***p < 0.01. 
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perform the same tasks in different, compared with same, 
situations. This finding confirms the underlying interaction 
between the time (rate and frequency) and versatility (variety of 
functional and situational applications) elements of technology 
use-diffusion patterns [62], [64]. However, the finding suggests 
that the interaction is stronger when versatility involves 
different functional, compared with situational, uses. Further, 
although the versatility of devices is a rich construct, a 
comparison of a given device with competing devices within 
use situations provides greater clarity.  

Contrary to our prediction in H1, the number of incumbent 
devices similar to the new one has no significant relationship 
with CSS of use. As a single variable, incumbent device 
accumulation is significantly related to CSS of use, but the 
inclusion of other variables attenuates this significant effect in 
the model. This is an interesting finding because it confirms 
that, although the features of a new device that are typical of the 
features of incumbent devices may encourage its adoption [76], 
explicit comparison between the new and incumbent devices 
tends to backfire against the new device when its functionality 
is not atypical of the incumbents [77]. The finding also 
highlights a fundamental observation by Srivastava, Alpert, and 
Shocker [67] that the features of products may not equate to 
their benefits-in-use. The finding underscores the importance of 
ownership of multiple devices with common features regardless 
of use; this is because ownership may offer some abstract 
benefits, such as a guaranteed access to different devices when 
use occurs. However, the abstract benefits diminish when other 
factors affect their application in-use. This distinction is critical 
to the long-term adoption of IT devices and the waste and 
proliferation of devices.  

Consistent with our prediction for H2, the results show that 
although the new device’s performance relative to that of 
incumbent devices facilitates the application of the new device 
to more tasks than the incumbents, this outcome occurs more in 
different than in same situations of use. However, within the 
same situations, the application of the devices to such tasks 
occurs similarly or to a greater extent on the new device 
compared to incumbents. This finding is consistent with the 
emergent challenges confronting new technologies and the 
extension opportunities available to incumbent technologies in 
technology systems [1]. In particular, when successive 
technology generations are positioned differently for the 
adopter based on the sophistication of attributes, the relative 
advantages of both the new and the incumbent technologies 
[52] may lead to differing levels of substitution between the 
new and the incumbent technologies. The finding implies that 
although new technologies might face emergence challenges 
because of the extension opportunities available to incumbent 
technologies, the emergence challenge may be limited when the 
relative advantage of the new technology involves multiple 
situations of use. 

In support of H3, user exposure to a target-related technology 
(the Internet) has no significant relationship with use of the 
devices between situations. Rather, within the same situations 
where the Internet is easily accessible, the application of the 
devices to the same tasks occurs similarly or to a greater extent 
on the new device compared to the incumbents. This finding 
confirms existing research on the diffusion of complementary 
technologies [18], [36] and suggests that although essential 

complementary technologies (e.g., Internet) may encourage the 
adoption of multiple devices, use of the Internet may vary 
according to its accessibility on devices across situations. In 
situations of greater accessibility to the Internet, symmetric 
complementarity of the Internet generates high levels of 
asymmetric complementarity between multiple devices, as 
users employ multiple devices to perform the same and 
different tasks, but the newest amongst the devices enjoys a 
greater level of use compared to the incumbents.  

Consistent with the predictions in H4, domain-specific 
sophistication of use is significantly related to the application 
of the new device to the same tasks as the incumbents more 
across the same, than in different, situations. However, within 
the same situations, the new device’s application to these tasks 
occurs to a greater extent compared to the incumbents. This 
finding is consistent with the continuance adoption and use of 
technologies as a result of the differences in the basic and 
innovative functions of devices [9], [30], [66]. However, the 
finding suggests that although the continuance adoption and use 
of devices may arise from user behavior towards the innovative 
functions of incumbent devices, sophistication of use within the 
device domain leads to maximization of the innovative 
functions of the newest device at the expense of those of 
incumbents across and within the same situations of use.   

In support of H5, the results show that although users 
generally perceive the new device to enhance the uses of 
incumbents, this perception is stronger when users apply the 
new and incumbent devices to tasks that lie within the same, 
compared to different, use situations. However, in support of 
H6, although users generally perceive the new device’s 
essentialness to be significantly dependent on its integration 
with incumbents for the same tasks, the perception is stronger 
when users apply the new and incumbent devices more to tasks 
across different, rather than within the same, situations. These 
findings confirm the effect of successful technology use-
diffusion on user perceptions of the impact of the new device 
and consideration of its essentialness for daily tasks [62]. The 
findings suggest that user perception of the impact of a new 
device may increase significantly when such a device makes a 
greater number of tasks conveniently accessible in situations 
where incumbents have limited sophistication for such tasks. 
Conversely, user perception of the new device’s essentialness 
increases significantly when it makes some core tasks easily 
accessible in different situations where incumbents are not or 
cannot be applied.  

Finally, in support of H7, the results show that user 
application of the new device to the same tasks as incumbents 
across different, and within same, situations leads, respectively, 
to a) significant and b) no significant user interest in future-
related technologically distinct devices. However, in partial 
support for H8, user application of the new device to the same 
tasks as incumbents across different, and within same, 
situations leads, respectively, to a) significant and b) no 
significant user interest in future-related technologically 
bundled devices. These findings draw an important linkage 
between the adopter’s processes through use-diffusion [62] and 
the innovator’s processes in technology ecosystems [72] in 
which the sustainability of technology transitions depends on 
knowledge of the incumbent technologies [14]. The finding 
implies that although the use of incumbent PC devices may 
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facilitate continuance adoption, future adoption of 
technologically distinct (single function) and bundled (multiple 
functions) devices depends on the situations of their use rather 
than the features or components of the devices per se.  

A. Theoretical contributions  
Our study contributes to the demand side of technology 

diffusion research in four key ways by reconciling traditional 
and reversed IT adoption logics in the context of individual use 
of personal devices in organizational contexts. First, reversed 
IT adoption logic, particularly in organizational contexts, 
emphasizes BYOD mechanisms, which facilitate a complete 
substitution of organizational devices with personal mobile 
devices (e.g., [5], [6], [42], [43], [44]. This approach considers 
IT adoption as a bundle of technologies without any distinction 
between the devices and the systems embedded in those 
devices. This study views IT adoption as constitutive of the 
ownership/replacement of devices [33], the acceptance and use 
of IT systems embedded in devices [17], [74], and the use-
diffusion of the attributes of IT devices and systems [62], [64]. 
Accordingly, this study shows that reversed IT adoption may 
not lead to a complete substitution of personal mobile devices 
for organizational devices. Rather, reversed IT adoption may be 
partially constrained to the attributes of IT devices and/or 
systems when newer generation mobile technologies are 
substituted for incumbent ones in-use but the substitution works 
only imperfectly. 

Second, while research on traditional IT adoption of newer 
generation devices mostly emphasizes the perfect substitution 
of incumbent devices with newer generation versions [16], [33], 
[49], [50]), this study examines the newer generation devices as 
an imperfect substitute for incumbent ones [26] in-use. 
Accordingly, this study contributes to the replacement models 
in technology diffusion by demonstrating that rather than 
substituting an incumbent device with a new version, users may 
adopt the new one as an addition to incumbent type(s) of 
devices when both the new and incumbent devices have 
distinctive attributes, which are sophisticated for the same type 
of use in different situations.   

Third, research on traditional adoption of IT systems 
embedded in devices such as TAM [17], [73], UTAUT and 
UTAUT2 [75], [20], [3], [56], [71] mostly emphasize the 
perception and expectations of uses of the system, without 
discriminating between the different applications, which 
facilitate acceptance and use of the system. This study instead 
discriminates between the applications of the IT system of PCs 
to different tasks. By doing so, the study shows that when 
traditional IT adoption is measured by how perceived and 
expected uses of IT systems facilitate technology acceptance 
and use, it is important to discriminate between the applications 
of the system to specific tasks to better understand the 
applications that drive technology acceptance and use. 

Finally, research on traditional IT adoption is extended to 
include the use-diffusion of technologies and emphasize use of 
the attributes of devices and systems of a single type of device 
constrained to a single situation (e.g., home) [62], [63] or a 
single type of IT system use (e.g., VoIP) unconstrained to any 
situations [64]. This study examines the use of distinct types of 
devices embedded with the same IT systems with differing 
levels of sophistication of attributes for the same set of tasks 

within and between situations. Accordingly, this study extends 
IT adoption in organizational contexts by highlighting the 
situations in which personal devices may be a substitute for or 
may complement organizational devices for use. It also 
highlights the need to discriminate between organizational IT 
systems, which may require restricted versus unrestricted 
access on personal devices when an individual operates within 
organization-controlled spaces versus spaces uncontrollable by 
the organization.  

 
B. Practical implications  

Our findings help to identify the strategic conditions in which 
cross-situational use defines a) IT adoption for personal and 
organizational purposes, b) device sophistication by attributes, 
c) discrimination of IT system applications to different tasks, 
and d) distinction between different types of PC devices 
embedded with the same IT system with differing levels of 
sophistication. In the PC devices industry, product managers 
are undoubtedly aware of the potential for cannibalization 
between devices embodying the same technology and may even 
plan for and expect it to occur. The rapid evolution of devices 
in the industry with the increasing sophistication and multi-
functionality of smartphones and even e-readers means they are 
likely to cross category boundaries. For instance, there is no 
doubt that, currently, larger screen phones are easily substituted 
for tablets [13]. Although managers may plan for and even 
promote cannibalization across substitute categories as well as 
between upgraded generations within categories, evolution and 
concurrent device usage encourages not only obsolescence and 
waste but also a degree of device proliferation that is potentially 
costly to organizations that either purchase or subsidize the 
purchase of such devices. 

The findings of this study show that the accumulation of 
more incumbent devices similar to a new one does not 
necessarily lead to the engagement of the new and the 
incumbent devices for the same tasks across situations. Rather, 
the performance of the new device relative to the incumbent 
devices leads to a greater application of the devices to the same 
tasks but more so in different than in same situations. However, 
within same situations in which the new and incumbent devices 
can perform such tasks, the new device is engaged similarly or 
to a greater extent compared with incumbents. These findings 
suggest that vendors of devices must focus on attribute- or 
feature-driven, more than product-driven, innovation to reduce 
product proliferation, waste, and obsolescence from either 
planned or unplanned cannibalization and should increase the 
relevance of devices in-use. In particular, emphasizing how the 
sophistication of specific attributes of the new device enhances 
the uses of incumbent ones in different situations can help to 
navigate technology transitions. Such sophistication may arise 
from, for instance, the convenient engagement of devices for 
tasks in specific situations or the high performance of specific 
IT system tasks (e.g., data capture, conversion, storage, and 
retrieval) in different formats across situations within or across 
devices.  

In order for organizational IT adopters to avoid a waste of 
resources due to the obsolescence of devices, it is more cost 
efficient for organizations to allocate fewer resources to device 
acquisition for internal use. For instance, because various 
employees have different levels of sophistication in the IT 
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domain, instituting and/or subsidizing a (BYOD) policy would 
increase productivity because users can work anywhere with 
the devices they feel most comfortable with. Of course, this 
policy must be accompanied by strict control of sensitive 
organizational information for security purposes. However, to 
stay up to date with trends in the evolving IT ecosystem, 
organizations must allocate more resources to IT systems and 
enterprise software development and its compatibility with IT 
interfaces for effective alignment with the PC ecosystem’s 
infrastructure. This is important for employee productivity, 
customer engagement, quick competitive response, and 
effective partner alignment.  

The study has a significant implication for organizational IT 
systems and enterprise software development in the PC 
ecosystem. The findings imply that developing IT systems and 
software that standardize IT use between multiple devices is 
more appropriate when use of such systems and software does 
not require organizational restrictions to guarantee information 
security. Considering that different devices may be employed 
in different situations for specific tasks under the same type of 
use, it is important for tasks captured in one format with one 
device (e.g., a lecture slide captured with tablet PC camera) to 
be easily accessible or convertible to another format on another 
device (conversion of texts in image to word format with a 
laptop). This will improve productivity and efficiency not only 
for organizational IT use but also for individual IT use. Further, 
IT system and software developers might also focus on the 
transformation of features of devices from tangible to intangible 
formats. Considering that users migrate their use of incumbent 
devices to the latest and more sophisticated devices, the 
transformation of features into software can facilitate 
incumbent device adaptation to the use of new devices and so 
avoid wastage of organization IT resources on the acquisition 
of devices whose full use and lifespan are usually curtailed by 
the introduction of new devices.  

Finally, our findings have significant managerial 
implications for complementary service provision and 
consumption within the PC ecosystem. For instance, while 
Internet service may come at a fixed cost to organizations and 
individuals across use situations (e.g., office subscription, 
mobile subscription, and home subscription plans), the use of 
these services may overlap when an individual accesses them 
across situations for personal and organizational uses. 
Accordingly, complementary service providers and customers 
(e.g., organizations) may consider plans that allow for a shared 
cost of the service when the same user can access different 
subscription plans across situations. However, complementary 
service providers may consider expanding the accessibility of 
mobile service plans to cover multiple devices in situations 
where users have a subscription on one mobile device but the 
service is needed on multiple devices.        

VII. CONCLUSION  

The relationship between reversed and traditional IT adoptions 
remains an important phenomenon for scholars and 
practitioners interested in technology diffusion for personal and 
organizational uses. This study contributes to the understanding 
of this phenomenon by examining how cross-situational 
specialization of a new generation PC, i.e., a tablet, for the same 

type of use served by incumbent devices defines a) IT adoption 
for personal and organizational purposes, b) device 
sophistication by attributes, c) discrimination of IT system 
applications to different tasks, and d) distinction between 
different types of PC devices embedded with the same IT 
system with differing levels of sophistication. Most 
importantly, the study concludes that when newer generation 
personal mobile devices are substituted for incumbent devices 
in-use but the substitution works only imperfectly, continuation 
of traditional adoption of IT devices by individual users may be 
a reversed adoption for organizations. However, this reversed 
adoption is partial because individuals may employ both 
personal and organizational devices as substitutes and 
complements based on the situational sophistication of the 
attributes of the devices for organizational IT systems use rather 
than sophistication of the devices per se. We hope that this 
study will open avenues for researchers to study how multiple 
devices, from different generations co-exist or dominate 
between and within situations respectively to enhance or 
constrain the same types of use. 
  
A. Limitations and future research  

Like any other research, this study has several limitations. 
First, we examined cross-situational specialization within 
specialized and non-specialized use patterns of the static use-
diffusion model. We did not include intense and limited uses of 
the static use-diffusion model because these two patterns 
examine cross-device intensification or limitation to types of 
use. Thus, these two patterns remain for future research to 
consider. Second, our study limited the CSS of the new device 
to learning and educational uses among tertiary-level education 
users to contextualize traditional and reversed IT adoption for 
end-users and organizations. Other types of uses, from 
entertainment and information management to communication 
management and social media, may offer different levels of 
skewness to IT system uses on devices across situations. These 
domains of use offer opportunities for future research to 
examine and to delineate the CSS of new technological devices.  

Third, the cross-situational use in this study emphasized the 
application of PCs as bundles of hardware and IT 
systems/software for learning and educational uses. Extensions 
of this research might include other information technologies 
beyond hardware devices. For example, content and data 
storage, electronic payments, and social media apps all offer 
appropriate contexts for examining cross-situational uses. 
Fourth, the cross-sectional data for this study indicate that the 
relationships between variables in the model are associative 
rather than predictive. Further research could adopt a 
longitudinal approach to examine dynamic cross-situational 
uses of a given technology across time. Finally, this study 
examined the complementarity and substitutability 
relationships between new and incumbent devices across 
situations. Ongoing research could examine the independence 
of such devices across situations.  
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