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 Quarterly ma^^mm
 The Integrative Framework of Technology Use:
 An Extension and Test1

 By: Sung S. Kim
 Wisconsin School of Business
 University of Wisconsin-Madison
 975 Univesity Avenue
 Madison, Wl 53706
 U.S.A.
 skim@bus.wisc.edu

 Abstract

 The integrative framework of technology use (IFTU) posits
 that to fully explain post-adoption phenomena, four mech
 anisms?namely, reason-oriented action, sequential updating,
 feedback, and habit?should be taken into account simul
 taneously in a unified model. Although IFTU sheds light on
 the four mechanisms underlying technology use, it lacks a
 coherent theoretical explanation for the underlying force that
 leads to the four mechanisms. To offer a more generalized
 and richer description of the four mechanisms, this study
 extends IFTU by drawing on the process model of memory in
 cognitive psychology. In addition, based on the extended
 IFTU paradigm, a three-wave panel model is developed that
 incorporates not only proximal effects but also distal effects
 of the four mechanisms on post-adoption phenomena. Three
 different sets of data (n = 195,160, and 342, respectively) are
 used to test the proposed model. The results of data analysis
 show that, as expected, the four mechanisms have proximal
 effects on subsequent evaluations and behavior. Further
 more, consistent with the memory perspective, the sequential
 updating and habit mechanisms are found to have distal
 effects on post-adoption phenomena even after controlling for

 their proximal effects. Overall, the findings of this study indi
 cate that the memory perspective offers not only a seamless
 explanation of the four mechanisms underlying technology
 use but also yields deeper insights that can be validated only
 through a three-or-more-wave panel study. This research
 contributes to the literature by demonstrating that the
 extended IFTU paradigm has the potential to serve as a
 coherent theoreticalframework on post-adoption phenomena
 in which prior experiences are internalized into memories,

 which in turn regulate later experiences.

 Keywords: Longitudinal study, panel model, technology use,
 continued use, theory of planned behavior (TPB), process
 model of memory, path analysis

 Introduction ^HHHHB^^HHHBl

 Much research in information systems has focused on
 identifying the relationships between individuals' evaluations
 of a technology application and their use of this application
 (Davis et al. 1989; Taylor and Todd 1995). Although this
 stream of research sheds light on various psychological
 factors affecting technology use, it pays little attention to the
 dynamic interplay that occurs over time between evaluations
 and technology use. While pointing out the limitations of
 such static models, which focus only on the psychological
 determinants of technology use, Benbasat and Barki (2007)
 call for research that will advance understanding of the
 dynamic process through which evaluations and behavior
 change as individuals gain experience with a technology
 application. In the IS domain, several groundbreaking studies
 have examined the mechanisms that underlie continued use

 after adoption. For example, Bhattacherjee (2001) theorized
 that the formation of current judgments would involve the

 ^etmar Straub was the accepting senior editor for this paper. Andrew
 Burton-Jones served as the associate editor.
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 referencing of prior judgments as supplemental information
 (i.e., the evaluation-evaluation relationship). In addition,
 Bajaj and Nidumolu (1998) demonstrated that past use posi
 tively influenced current evaluations of the use of a tech
 nology application (i.e., the behavior-evaluation relationship).
 Similarly, Venkatesh et al. (2000) showed that past use had a
 direct impact on current use (i.e., the behavior-behavior rela
 tionship). A consistent premise of these pioneering works is
 that prior evaluations and behavior relate, in one way or
 another, to subsequent evaluations and behavior at the post
 adoption stage.

 Although post-adoption research has revealed numerous
 mechanisms that drive post-adoption phenomena, few
 attempts have been made to integrate the disparate perspec
 tives on the nature of those mechanisms. One exception to
 those fragmented approaches was a longitudinal study by Kim
 and Malhotra (2005). In attempting a comprehensive theory
 of how individuals adjust their evaluations and behavior over
 time, Kim and Malhotra proposed an integrative framework
 of technology use (IFTU). In essence, IFTU combines into a
 unified framework four mechanisms?namely, reason
 oriented action (i.e., the evaluation-behavior relationship),
 sequential updating of judgments (i.e., the evaluation-evalua
 tion relationship), feedback (i.e., the behavior-evaluation
 relationship), and habit (i.e., the behavior-behavior relation
 ship)?that are believed to play important roles in affecting
 technology use. In their study, the IFTU paradigm was
 applied specifically in the form of a two-wave panel model
 (2WPM) in which the technology acceptance model ( A ),

 which represents the reason-oriented action framework, is
 complemented by the other three mechanisms of sequential
 updating, feedback, and habit. Based on data collected from
 189 individual users' of a Web-based application, Kim and

 Malhotra demonstrated that the TAM-based 2WPM explained
 technology use better than any of the partial models, thus
 providing initial support for the conceptual framework.

 As a comprehensive model of continued use, IFTU helps to
 enhance our ability to understand the interplay of the four
 mechanisms in regulating post-adoption phenomena. How
 ever, a number of other theoretical issues remain unresolved.

 First of all, IFTU mainly focuses on describing how the four
 mechanisms regulate individuals' evaluations and behavior
 over time but says little about why the four mechanisms are
 essential to an explanation of continued use at the post
 adoption stage. In particular, it lacks a coherent theoretical
 explanation for the underlying force that leads to the four
 mechanisms. As a result, when it comes to explaining post
 adoption phenomena, the IS community is still left with
 several seemingly unrelated viewpoints. Another important
 issue deserving of attention is the extent to which the effects

 of current evaluations and behavior carry over across time
 into subsequent evaluations and behavior. IFTU, in its
 current form, simply posits the proximal effects of the four

 mechanisms that refer to the short-term, transitory effects that

 current evaluations and behavior have on subsequent
 evaluations and behavior. Yet, it does not offer insight into
 whether the four mechanisms would have long-term, lingering
 effects, which are called distal effects hereafter, over and

 above the proximal effects. For example, one view of the
 sequential updating mechanism holds that current judgments
 can be securely stored in the brain, where they will be
 replaced completely with subsequent judgments as new
 information becomes available (Bolton and Drew 1991;

 Oliver 1981). According to this proposition, prior judgments
 are not expected to have distal effects on subsequent judg
 ments. In contrast, another stream of research suggests that
 memory is a rather abstract and cumulative record of personal
 experiences. This contrasting view implies that, through this
 subjective mental representation, prior judgments would have
 long-lasting effects on subsequent judgments (Alba and

 Hutchinson 1987; Babin and Babin 2001; Winn 2004). As
 evident from the discussion, distal effects imply theoretical
 and managerial connotations that cannot be captured by
 proximal effects. Unfortunately, however, IFTU remains
 silent about the critical issue of proximal versus distal effects.

 This study is specifically intended to extend the IFTU
 paradigm by offering a more generalized and richer descrip
 tion of the four mechanisms underlying post-adoption
 phenomena. To achieve this objective, this study draws on
 cognitive psychology and its three-stage processing model of
 memory (Myers 2004; Winn 2004). Basically, the model of
 memory illustrates how past experiences such as prior
 evaluations and behavior are accumulated into memory and
 how the outcomes of learning stored in memory regulate
 subsequent evaluations and behavior. The memory perspec
 tive is particularly relevant in the development of a longi
 tudinal model of continued use because ultimately memory,
 either explicitly or implicitly, will be the repository of a
 person's experiences with a technology application and the
 source of any subjective viewpoint in the interpretation of
 new information related to the use of the application. Overall,
 the memory perspective is expected not only to offer a more
 complete view of the four mechanisms but also to shed new
 light on the hidden process that is critical to the discussion of

 proximal versus distal effects.

 In addition to using the memory perspective to develop an
 extended IFTU paradigm, this study also attempts to empi
 rically test the efficacy of the new theoretical framework. In
 particular, it evaluates the extended IFTU paradigm, which is
 specifically represented as a three-wave panel model (3 WPM)
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 based on the theory of planned behavior (TPB) (Ajzen 1991).
 A TPB-based 3WPM is examined because TPB is one of the

 most dominant conceptual models in the IS domain and
 because a three-wave context presents the opportunity to
 thoroughly assess the delicate nuances of the memory per
 spective (e.g., proximal versus distal effects). This proposed

 model, along with other competing models, is empirically
 tested based on three different sets of three-wave panel data
 that are available in the existing literature in the form of
 correlations (Morris et al. 2005; Venkatesh et al. 2000). The
 datasets were formerly examined by a longitudinal model that

 integrates TPB and the proximal habit mechanism. Neverthe
 less, this existing model in the literature fails to take into
 account some critical processes that occur at the post-adoption

 stage. Thus, it is important in this study to reexamine the
 three-wave panel data from a new perspective. In general, the
 finding of this study will help assess the efficacy of the
 extended IFTU paradigm as a comprehensive and in-depth
 account of how individuals' evaluations and behavior evolve

 with experience.

 The organization of this paper is as follows: The next section
 discusses the process model of memory and explains how the

 memory perspective is relevant in the context of technology
 use. The third section draws on the memory perspective,
 extends the IFTU paradigm, and develops a TPB-based
 3 WPM. The fourth section describes the methodology of this

 study as well as the results of data analysis. This paper con
 cludes with a discussion of research findings, the limitations

 of this study, and opportunities for further research.

 Process Model of Memory ^HBH
 A large number of IS studies have shown that initial informa
 tion technology use is determined by individuals' firsthand
 "on-the-spot" evaluations at the preadoption stage. Specifi
 cally, A states that individuals' evaluations of a new IT
 application?as captured by perceived usefulness and per
 ceived ease-of-use?will influence whether they choose to
 use the application. Similarly, other reason-oriented action
 frameworks such as TPB emphasize that individuals' behavior
 is driven by a deliberate evaluation of the situation in question
 and determined wholly from scratch without reference to prior

 knowledge or experience. Meanwhile, in the course of the
 shift of theoretical focus from initial use to sustained usage,

 more attention has recently been paid to the role of prior eval
 uations and behavior in regulating subsequent post-adoption
 phenomena (Bhattacherjee and Premkumar 2004; Kim and
 Malhotra 2005). This stream of research has repeatedly
 shown that personal history matters; that is, prior evaluations

 determine current evaluations (i.e., sequential updating), prior
 behavior influences current evaluations (i.e., feedback), and
 prior behavior affects current behavior (i.e., habit). Unfor
 tunately, however, a coherent theoretical account of continued
 use is still lacking as evidenced by the disparate theories
 employed to explain different facets of post-adoption
 phenomena (i.e., sequential updating, feedback, habit).

 Continued use of a technology application is not a one-shot
 effort; it involves one's ongoing interactions with the same
 application over time. Inevitably, prior evaluations and
 behavior are likely to be somehow internalized into one's
 memories, and these memories are assumed to play an
 important role in regulating subsequent phenomena. Thus, an
 accurate understanding of memory is essential to developing
 a theoretical framework of the role of past experiences in
 changing subsequent experiences. In this sense, the three
 stage processing model of memory proposed by Atkins and
 Schiffrin (1968) offers a unified account of how human
 experiences are processed in the memory system (Myers
 2004). In essence, this theory holds that memories are pro
 cessed at three different stages and that these three memory
 processes involve sensory memory, short-term memory, and

 long-term memory. In addition, contemporary research in
 cognitive psychology suggests that long-term memory should
 be further divided into two categories, namely, explicit and
 implicit memory (Greenfield 1997; Miller and Cohen 2001;
 Thompson and Kim 1996; Winn 2004). Figure 1 depicts a
 process model of memory that is a revised version of the
 original three-stage model. This version emphasizes the
 difference between explicit and implicit memory mentioned
 in contemporary research. This process model offers a frame
 of reference for further discussion on the role of memory in

 post-adoption phenomena.

 Memory is defined as the persistent collection of learning,
 including concepts, events, and procedures that characterize
 one's idiosyncratic experiences accumulated over time
 (Myers 2004). Sensory memory is the first step in the

 memory system. A number of sensory stimuli such as images
 and sounds constantly occur. For example, when a new e
 mail message is delivered, a sound may be heard or a pop-up
 message may appear. Such auditory or visual information
 will be sent to sensory memory for further processing.
 Sensory memory can store all of the information coming in
 from the senses, but it can hold the sensations only briefly?
 no more than a few seconds (Eysenck and Keane 2005; Myers
 2004). A small portion of the information that receives atten
 tion will be encoded and transferred to short-term memory.

 Short-term memory, which is also known as working
 memory, holds only a few thoughts at a time. It is the place
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 VeryShort-Term Memory  Short-Term Memory
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 Long-Term Memory

 Explicit Memory
 (Declarative Memory)

 Semantic
 Memory

 Episodic
 Memory

 Notes:
 Flow of Information

 Implicit Memory
 (Procedural Memory)

 Figure 1. Process Model of Memory

 in which conscious effort is exerted for a variety of problem
 solving activities. For example, the beliefs and attitudes
 discussed in the reason-oriented framework are considered the

 by-products of this process (Ajzen 1991). This is because
 working memory is believed to process active decision
 making tasks, and thus it will be involved in the makings of
 various judgments (e.g., perceived usefulness, perceived ease
 of-use, attitude, subjective norm, perceived behavioral con
 trol, etc.). Most of the content in working memory will
 vanish after 30 seconds, but a tiny piece of content will be
 encoded and ultimately stored in long-term memory.

 Long-term memory refers to the relatively persistent storage
 function of the memory system. Only a fraction of the data
 processed in working memory will ultimately be stored in
 long-term memory, but once stored, this data will remain for
 a long time (e.g., a few days or even a lifetime). Unlike
 working memory, which has a strict limitation on storage
 capacity, long-term memory is essentially unlimited. As men
 tioned earlier, long-term memory can be broadly classified
 into two categories, namely, explicit and implicit memory
 (Thompson and Kim 1996). First of all, explicit memory?
 also called declarative memory?contains two types of mem
 ories, namely, semantic and episodic memories. Whereas
 semantic memories are associated with memories for concepts

 concerning "what it is," episodic memories relate to memories
 for events regarding "what actually occurred." For example,
 a person's subjective judgments about using a technology
 application correspond to semantic memories. Meanwhile,

 episodic memories include when and where the person used
 the technology application. These semantic and episodic
 memory stores are referred to collectively as explicit because
 the person can explicitly declare the concepts and events
 when the contents are transferred to working memory from
 the long-term memory stores.

 In contrast to explicit memories, which can be transferred
 back to working memory if necessary, implicit memories can
 never be retrieved to working memory for conscious pro
 cessing. Thus, it is impossible for a person to consciously
 identify the contents of implicit memory. It is widely known
 that implicit memory?also termed procedural memory?is
 typically associated with a sequence of actions that are
 required to perform a task. Taking initial technology use as
 an example, a person will carefully develop and execute a
 detailed plan for interaction with a new technology applica
 tion in order to complete the task at hand. Conscious effort
 will be required in this case, but the sequence of the actions
 performed will remain as memory traces in implicit memory.

 As a person becomes more experienced with the application,
 the "hard-wired" links in implicit memory will be strength
 ened (Miller and Cohen 2001). Eventually, when the same
 person is faced with a similar task, the entire procedure for
 using the application will be executed unconsciously without
 recourse to working memory. Thus, implicit memory, as
 opposed to explicit memory, makes it possible for technology
 use to occur in the realm of the unconscious.

 516 MIS Quarterly Vol. 33 No. 3/September 2009
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 The process model of memory is well established in cognitive

 psychology, and its validity has also been demonstrated in
 numerous neuroscience studies (Miller and Cohen 2001;
 Myers 2004; Thompson and Kim 1996). Nevertheless, in the
 IS literature, little attention has been paid to the role of

 memory in affecting individuals' reactions to an application
 at the post-adoption stage. The present study contributes to
 the literature by showing how the various components of

 memory process, store, and retrieve information in the context

 of technology use and thereby suggests the applicability of the

 memory perspective to IS research.

 Research Model I^HHHHi^HBiHH

 This section first discusses a coherent and unified account of

 IFTU from the perspective of memory processing. Then, the
 IFTU paradigm is refined with focus on the potential distal,
 vis-?-vis proximal, effects as implied by the memory perspec
 tive. This overall discussion concludes with a proposed TPB
 based 3WPM that is consistent with the extended IFTU

 paradigm.

 Four Mechanisms Underlying Technology Use

 IFTU contends that an explanation of technology use should
 simultaneously take into account four mechanisms. The four

 mechanisms are (1) the evaluation-behavior relationship (i.e.,
 reason-oriented behavior), (2) the evaluation-evaluation rela
 tionship (i.e., sequential updating), (3) the behavior-evalua
 tion relationship (i.e., feedback), and (4) the behavior-behav
 ior relationship (i.e., habit). Figure 2 depicts a conceptual

 model that shows a simple application of IFTU to a TPB
 based 3WPM.

 First, TPB states that three types of evaluation criteria,
 namely, attitude (ATT), subjective norm (SN), and perceived
 behavioral control (PBC) influence behavioral intention (BI),
 which, along with PBC, determines technology usage (USE)
 (Ajzen 1991). This reason-oriented action mechanism is a
 driving force that translates into actual use individuals' con
 scious evaluations of using a technology application.

 Accordingly, the TPB-based 3WPM in Figure 2 shows that
 the TPB mechanism represented with a solid arrow?that is,
 the path from TPB determinants at t = i to USE at t = i +
 1?will occur over time within the context of technology use.2

 A key driver of this reason-oriented action mechanism is a
 deliberate, attribute-based calculation that is required to form
 conscious evaluations (Wansink and Ray 1996). From the
 perspective of memory, this intensive mental effort mainly
 occurs in working memory. Nonetheless, the outcomes of this
 deliberate evaluation (e.g., ATT, SN, PBC, BI) are likely to
 be somehow modified and then transferred into explicit mem
 ory. In addition, a procedural sequence of technology use,
 which is initially guided by conscious processing in working
 memory, will also leave its traces in implicit memory.

 Second, one of the central premises of IFTU is that indi
 viduals' evaluations at the post-adoption stage are not made
 from scratch. The rationale for this premise is that individuals

 tend to take advantage of prior judgments when faced with
 "nothing-out-of-the-ordinary" issues in familiar environments
 (Bolton 1998; Hogarth and Einhorn 1992). The sequential
 updating mechanism refers to this mechanism in which prior
 evaluations serve as an input to the formation of subsequent
 evaluations. Consistent with this view, the TPB-based
 3WPM in Figure 2 predicts that TPB determinants at t = i
 affect the same factors at t = i + 1. A causal relationship
 reflecting this sequential updating mechanism is represented
 with a dashed arrow. It is not difficult to imagine that prior
 judgments stored in explicit memory would act as anchors,
 whereas adjustments are made based on new information
 coming from sensory memory.

 In the literature, the notion of schema is often used to refer to

 the contents of explicit memory (more specifically, semantic
 memory) that serve as the basis for memory-based evaluations

 (Myers 2004; Stayman et al. 1992; Winn 2004). A schema is
 defined as "an organized structure that exists in memory" and
 "contains the sum of knowledge of the world" (Winn 2004, p.
 86). It is an abstract, generalized, and subjective form of
 knowledge representation, not an exact replica of reality.
 New information is interpreted through this cognitive struc
 ture, and learning also occurs by modifying or extending this

 mental structure (Babin and Babin 2001 ; Orth and De Marchi
 2007). In this sense, Wansink and Ray (1996) distinguish
 piecemeal-based evaluations in which "attribute beliefs are
 weighted and combined in a person's evaluation" without
 relying on an existing schema from schema-based evaluations
 in which an existing schema affects subsequent evaluations
 (p. 33). As a whole, it can be inferred from this discussion
 that piecemeal-based evaluations mainly drive the reason
 oriented action mechanism, whereas the sequential updating
 mechanism reflects mostly schema-based evaluations.

 Third, Bern's (1972) self-perception theory posits that,
 especially in a routine environment, individuals do not
 deliberately assess the pros and cons related to the outcome of

 2In this present study, USE at t = i + 1 is specified to reflect technology usage
 made between t = i and t = i + 1.
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 Notes:
 TPB mechanism -
 Sequential updating mechanism -
 Feedback mechanism -
 Habit mechanism -
 Technology usage at t = i + 1 is specified to reflect an application made between t = i and t = i + 1.

 Figure 2. Proximal Effects of Four Mechanisms

 their actions. Instead, when questioned by external inves
 tigators, respondents tend to infer their judgments directly
 from past behavior. Accordingly, Bern's theory suggests that
 at the post-adoption stage this type of heuristic process will

 lead to the formation of a feedback loop that connects prior
 behavior with current evaluations (Bajaj andNidumolu 1998;
 Kim and Malhotra 2005). Thus, as shown in Figure 2, the
 TPB-based 3WPM incorporates this feedback mechanism,
 which is represented with a dot-dash arrow from USE at t =
 i to TPB determinants at t = i. Note that unlike the previous
 two mechanisms (i.e., TPB and sequential updating), which
 emphasize a deliberate decision-making approach, this feed
 back mechanism implies that individuals employ a "quick
 and-dirty" heuristic strategy to arrive at evaluations.

 In terms of memory processing, episodic memories, as
 opposed to semantic memories, seem to take part in this self
 perception process. Specifically, to infer their evaluations,
 people are expected to quickly recall previous incidents of
 technology use for a certain period of time (e.g., a week, a

 month). Then, the number of incidents recalled from episodic
 memories seems to serve as a basis for the formation of

 current judgments. According to the literature, semantic
 retrieval is linked with the left hemisphere of the brain,

 whereas episodic retrieval is associated with the right hemi
 sphere (Tulving 2002). Considering that the right hemi
 sphere, as compared with the left hemisphere, is known to
 perform more holistic, intuitive processing (Anderson 1990),

 it is reasonable to argue that the heuristic processing for self
 perception relies more on episodic memories than on semantic
 memories.

 Finally, IFTU posits that in the context of automatic use, in

 addition to the feedback mechanism mentioned previously,
 another process, called habit, plays a significant role in
 regulating post-adoption phenomena (Ouellette and Wood
 1998; Triandis 1977). The habit literature specifically
 indicates that with repeated performances, a situational cue
 automatically activates the behavior without any conscious

 effort (Aarts and Dijksterhuis 2000; Bargh et al. 2001). This
 view of automatic behavior is highly consistent with the
 memory perspective that predicts a direct link between
 sensory and implicit memory (Figure 1). Similarly, in the IS
 literature, habit is known to result from the ingrained mental

 links called script (Jasperson et al. 2005). Habit is also said

 to drive repeat use and to ultimately produce a strong
 correlation between past use and subsequent use (Kraut et al.

 1999; Venkatesh et al. 2000). Accordingly, the model in
 Figure 2 incorporates the habit mechanism, which is
 represented with a dotted arrow from USE at t = i to USE at

 t = i + 1. Coupled with the heuristic decision-making strategy

 involved in the feedback mechanism, this type of automaticity

 is believed to preserve the precious cognitive efforts required

 for performing occasionally encountered tasks (Bagozzi and
 Dholakia 1999; Gollwitzer 1996).

 518 MIS Quarterly Vol. 33 No. 3/September 2009
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 Notes:
 TPB mechanism -?
 Distal TPB mechanism -
 Distal sequential updating mechanism -
 Distal feedback mechanism -
 Distal habit mechanism -
 Technology usage at t = i + 1 is specified to reflect the use of an application made between t = i and t = i + 1.

 Figure 3. Distal Effects of Four Mechanisms

 The model in Figure 2 includes all of the four mechanisms
 that are considered essential in describing individuals' reac
 tions to a technology application over time as posited by
 IFTU. It is now apparent from the discussion that the con
 temporary memory perspective is highly consistent with the
 propositions of IFTU. In particular, (1) working memory is
 heavily involved in reason-oriented action; (2) semantic
 memory is required for sequential updating; (3) episodic
 memory plays a role in feedback; and (4) implicit memory
 guides habit at the unconscious realm.

 Distal Effects vis-?-vis Proximal Effects

 In order to account accurately for continued use, it is vital to
 consider whether the four mechanisms behind IFTU have

 distal effects, over and above proximal effects, on post
 adoption phenomena. Drawing on the process model of
 memory, this study offers insight into which mechanisms
 would entail distal effects and which would not. Figure 3
 schematically illustrates four potential distal mechanisms
 added atop the proximal mechanisms shown in Figure 2.

 First, the potential distal TPB mechanism is shown in Figure
 3 as represented by the effects of TPB determinants at t = i on

 USE at t = i + 2 beyond their effects on USE at t = i + 1 (solid
 arrow). Specifically, this mechanism indicates that subse
 quent use is a function not only of current judgments but also
 of previous judgments. However, the proposition that
 previous judgments, as opposed to current judgments, will
 affect subsequent use contrasts with the TPB framework. In
 particular, TPB maintains that current judgments would affect
 subsequent behavior by fully mediating all other effects
 (Ajzen 1991; Davis et al. 1989); that is, according to this
 theory, previous evaluations are unlikely to have distal effects
 on later use over and above current evaluations (Bamberg et
 al. 2003). Similarly, the process model of memory also
 implies that distal effects of TPB on subsequent phenomena
 are unlikely. As mentioned earlier, the reason-oriented action
 process relies heavily on working memory, which cannot
 handle many items at the same time. Thus, two copies of
 TPB factors?in which each copy in many cases contains
 almost the same information?are unlikely to simultaneously
 occupy the most valuable resource in the brain. Accordingly,
 it is predicted that the distal effects of TPB on technology use

 will not be statistically significant.

 Second, Figure 3 shows the potential distal effects of
 sequential updating on post-adoption evaluations (dashed
 arrow). Specifically, the distal sequential updating mech
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This content downloaded from 141.23.187.78 on Sun, 16 Sep 2018 12:57:22 UTC
All use subject to https://about.jstor.org/terms



 Kim/The Integrative Framework of Technology Use

 anism implies that TPB variables at t = i affect not only the
 same variables at t = i + 1 but also those measured at t = i +

 2. As discussed earlier, from the perspective of memory,
 one's judgments about using an application are accumulated
 into schema in a rather abstract and subjective form. The

 knowledge accumulated through past experiences in turn
 provides a basis for interpreting new information in the course

 of forming subsequent judgments. According to this memory

 perspective, therefore, the schema related to the use of the
 particular application is considered as a collection of past
 experiences, and it is expected to have long-lasting effects on
 the formation of evaluations over time. Thus, one's judg

 ments made at one point in time are likely not only to have
 proximal effects but also to have distal effects through the
 form of schema. That is, it is reasonable to propose that
 previous evaluations will affect subsequent evaluations over
 and above current evaluations. Note that this proposition
 conflicts with the notion of belief updating that suggests that

 subsequent judgments are updated based on the most recent
 judgments (Bolton and Drew 1991; Oliver 1981). A major
 difference between the two perspectives is that whereas the

 belief updating framework assumes that prior judgments
 contain all of the information from past experiences, the
 memory model holds that current evaluations are merely an
 instance of schema based on a new piece of information. This

 paper subscribes to the memory perspective and predicts that

 the sequential updating mechanism will have distal effects on

 post-adoption phenomena beyond its proximal effects.

 Third, the potential distal effects of feedback are depicted in

 Figure 3, which suggests that USE at t = i has an impact not
 only on TPB variables at t = i but also on TPB variables at t
 = i +1 (dot-dash arrow). Yet, much theoretical and empirical
 research indicates that such distal effects are unlikely to
 occur. As mentioned earlier, the feedback mechanism is
 based on the self-perception process in which current judg
 ments are inferred from past behavior (Bem 1972). This self
 perception process is by nature heuristic, not analytical; thus,
 in an attempt to quickly form their judgments, individuals
 tend to simply consider their recent behavioral history without

 attempting to recall an older one unnecessarily. For example,
 Blair and Burton (1987) found that 75 percent of their respon

 dents did not attempt to recall specific events if the reference

 period was older than two months. Moreover, according to
 their study, episodic enumeration was only performed for
 fewer than 10 events. Given that the self-perception process

 occurs mostly in a routine environment, the behavior condu
 cive to the feedback mechanism is performed daily or at least

 weekly (Ouellette and Wood 1998). Thus, in a routine
 environment that facilitates the feedback mechanism, people

 are unlikely to try to recall, for example, events of more than

 two months in the past. For this reason, individuals are
 expected to infer their judgments from proximally lagged
 USE, but not from distally lagged USE.

 This prediction of the self-perception theory is also consistent

 with that of the memory model. In particular, from the per

 spective of memory processing, people rewind episodic
 memories to instantly count the number of past incidents; in

 this way, episodic memories are thought to help people make

 use of their past experiences in order to accurately yet
 conveniently predict their futures (Wheeler et al. 1997). All

 things being equal, recent history is the best predictor of what

 is directly ahead. Thus, to infer their judgment and predict

 technology use that will occur soon, people are likely to trace

 the most recent portion of episodic memories. Consistent
 with this logic, Kim and Malhotra (2005) showed that the
 feedback mechanism had only proximal effects, vis-?-vis
 distal effects, on subsequent judgments. Taken together, the

 discussion mentioned previously suggests that the feedback

 mechanism will not have distal effects beyond proximal
 effects.

 Finally, Figure 3 represents potential distal effects of habit on

 post-adoption behavior (dotted arrow). In particular, it indi
 cates that the distally lagged USE variable (e.g., USE at t = i)

 may have a direct impact on later use (e.g., USE at t = i + 2)
 over and above the proximally lagged USE effect (e.g., USE

 at t = i + 1). Contemporary research on the subject of habit

 concurs that habit is strengthened by frequent activation of the

 same behavior over time (Aarts and Dijksterhuis 2000; Ronis
 et al. 1989). Specifically, within the framework of memory

 processing, repeated performances are said to hard-wire in the

 mental script the procedural steps for performing the
 behavior. Through this ingrained script, situational cues can
 automatically activate the well-learned sequence of actions

 leading to technology use. According to the memory per
 spective, the strength of habit is directly proportional to the

 robustness of this script. Given that the script is gradually

 formulated through repetition over a long period, temporally

 different measures of past use, rather than a short period of

 past use, are expected to better represent the nature of habit.

 Thus, habit (i.e., the robustness of this script) is believed to be

 a function of both proximally and distally lagged usage
 factors. In other words, two temporally different measures of

 past use are likely to contribute jointly to habit formation, and

 habit will ultimately affect subsequent use. Accordingly, it is

 proposed that the habit mechanism will have not only
 proximal effects but also distal effects on subsequent use.
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 _I_

 TPB
 Determinants

 (t=1)

 TPB
 Determinants

 (t = 2)

 Technology
 Usage

 (t = 2)

 Technology
 Usage

 (t = 3)

 Technology
 Usage

 (t = 4)

 Notes:
 Proximal effects of four mechanisms -^
 Distal sequential updating mechanism
 Distal habit mechanism -
 Technology usage at t = i + 1 is specified to reflect the use of an application made between t = i and t = i + 1.

 Figure 4. Proposed Model

 Proposed Model

 The discussion mentioned previously suggests that the distal
 effects of the four mechanisms have theoretical implications
 that differ qualitatively from their proximal effects. More
 important, it indicates that although proximal effects are
 expected for all of the four mechanisms, distal effects will
 occur only for the sequential updating and habit mechanisms.
 Figure 4 depicts the TPB-based 3 WPM proposed in this study
 that includes the proximal effects shown in Figure 2 and two
 of the distal effects discussed in Figure 3. A careful con
 sideration of distal effects, vis-?-vis proximal effects, is a

 must for a better understanding of post-adoption phenomena
 that unfold over a long period. In this sense, the longitudinal

 model of continued use proposed in this study sheds light on
 the deeper nature of the four mechanisms that are thought to
 be the most important driving forces of post-adoption
 phenomena.

 Data Analysis and Results M^^M
 Competing TPB-Based 3WPMs

 The efficacy of a model can be better established if the model
 under scrutiny is shown to be superior to competing models

 in its fit with the empirical data (Anderson and Gerbing
 1988). As a way to examine the comparative validity of the
 proposed TPB-based 3WPM, this article develops several
 competing models, each of which highlights a unique, yet
 partial, perspective on the phenomena underlying technology
 adoption and sustained usage. These competing models
 include various proximal and distal effects of the four mech
 anisms underlying technology use. Consistent with the earlier

 definition, proximal effects are specified as the relationships
 between factors temporally adjacent. Meanwhile, distal
 effects are specified as the relationships between factors
 temporally remote that go beyond proximal effects. The
 detailed specifications of the various competing models are
 described in Table 1.

 The first intermediate model, named IMI, is the most par
 simonious form of the competing models. In particular, IMI
 posits that the TPB framework can succinctly explain
 technology use, including adoption and sustained usage.

 Although this approach appears to be extremely na?ve and
 simplistic, it is used often in those studies that collect panel
 data but only analyze them wave-by-wave without regard for
 interwave mechanisms. Next, the second intermediate model,

 called IM2, adds into IMI the proximal effects of the
 sequential updating mechanism. Similarly, the third inter

 mediate model, or IM3, integrates into IMI the proximal
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 Table 1. Alternative Models and Their Hypothesized Relationships

 Causal Paths
 Total
 Paths  IM1  IM2  IM3  IM4  IFTU1  AM1  AM2  AM3  AM4

 Proximal Effects

 The theory of

 planned behavior

 A(t
 SN (t;

 PBC (t;
 Bi (t;

 PBC (t;

 bi (t)
 bi (t)
 bi (t)
 USE (t+ 1)
 USE (t + 1)

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 /
 /
 /
 /
 /

 Sequential
 updating

 A(t
 SN (t;

 pbc (t;
 bi (t;

 A(t+ 1)
 SN (t+ 1)
 pbc (t+ 1)
 bi (t+ 1)

 /
 /
 /
 /

 /
 /
 /
 /

 /
 /
 /
 /

 /
 /
 /
 /

 /
 /

 /
 /
 /
 /

 Feedback

 use (t;
 use (t
 use (t;
 use (t

 A(t)
 SN (t)
 pbc (t)
 bi (t)

 /
 /

 /
 /
 /
 /

 /
 /
 /
 /

 /
 /
 /
 /

 /
 /
 /

 /
 /

 Habit  use (t  use (t+ 1)  /

 Distal Effects

 The theory of

 planned behavior

 A(t;
 SN (t;

 pbc (t;
 bi (t;

 pbc (t

 bi (t+ 1)
 bi (t+ 1)
 bi (t+ 1)
 USE (t + 2)
 USE (t + 2)

 /
 /
 /
 /
 /

 Sequential
 updating

 A(t;
 SN (t;

 pbc (t;
 bi (t;

 A (t + 2)
 SN (t + 2)
 pbc (t + 2)
 bi (t + 2)

 /
 /
 /
 /

 Feedback

 use (t;
 use (t;
 use (t;
 use (t;

 A(t+ 1)
 SN (t+ 1)
 pbc (t+ 1)
 bi (t+ 1)

 /
 /
 /
 /

 Habit  USE (t;  USE(t + 2)

 Notes:
 A = attitude; SN = subjective norm; pbc :
 / = path included in a model

 perceived behavioral control; bi = behavioral intention; USE = technology usage

 effects of the feedback mechanism. In addition, the fourth

 intermediate model, IM4, is designed to combine the proximal
 effects of the habit mechanism with the TPB framework. In

 this particular study, the model that combines all of the four
 types of the proximal effects is called IFTU1. IFTU1 is a
 straightforward application of the 2WPM by Kim and

 Malhotra (2005) to the three-wave context. It is expected to
 perform better than the four intermediate models that do not
 control for some of the important interwave mechanisms.

 Four more alternative models are also developed by
 incorporating four different types of distal effects into IFTU1.
 The first alternative model, named AMI, adds to IFTU1 the
 distal effects of TPB. The second alternative model, AM2,
 incorporates into IFTU1 the distal effects of sequential
 updating. The third alternative model, AM3, predicts that
 past behavior will influence proximal judgments and distal
 judgments. AM4 integrates the notion of the distal habit
 mechanism and IFTU1. Finally, the proposed model in
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 Figure 4 is considered IFTU2. IFTU2 extends IFTU1 by
 incorporating the distal effects of sequential updating and
 habit. IFTU2 is expected to explain reality significantly better
 than the competing models.

 Methodology

 Secondary data from past research were used to test the com

 peting models. A thorough literature review was performed
 to identify past studies that conducted a TPB-based three

 wave panel study and reported data in the form of correla
 tions. As a result, two data sets in Venkatesh et al. (2000) and

 one by Morris et al. (2005) were identified. These multiple
 sets of secondary data present an excellent opportunity to
 evaluate the competing models. The use of secondary data is
 expected to minimize subjective biases that theory developers
 may acquire in the course of their data collection. Moreover,
 because of the multiple dataseis available for model testing,
 the results of this research are likely to yield more reliable
 inferences than those based on a single dataset. However,
 because the original studies did not measure the use of infor
 mation in memory, they are unsuitable for use in tests of the

 underlying mechanisms related to memory processing.
 Despite this limitation, the secondary data are considered
 valuable for an initial assessment of whether the memory
 perspective merits further consideration for a better
 understanding of continued use.

 Appendix A contains a summary of research objectives, data
 collection procedures, and sample characteristics in the
 original studies. In the study by Venkatesh et al., a total of
 355 complete responses across all points of measurements
 were collected. The sample was divided into two groups
 according to gender; and the samples for men and women,
 respectively, consisted of 195 and 160 data points. Mean
 while, in the study by Morris et al., the three-wave panel data
 were collected from 342 workers. In Morris et al.'s study, the
 correlation matrix was reported based on the pooled data.
 Thus, data analysis was conducted based on the pooled
 dataset reported as a form of correlations. For the sake of
 convenience, the male sample in Venkatesh et al. is called
 Sample A (n = 195), the female sample is Sample (n = 160),
 and the pooled sample in Morris et al. is Sample C (n = 342).

 The timing of observations is said to influence the results of
 a longitudinal study (Collins and Graham 2002). In this
 sense, the temporal design by Venkatesh et al. and by Morris
 et al. seems appropriate for testing the proposed model. In
 particular, the duration of their studies (i.e., at least five
 months after initial training) is long enough to observe both

 conscious and automatic use (Limayem and Hirt 2003).
 Besides, in view of the volatility of individuals' behavior
 during the technology adoption stage, a short interval deems
 desirable at the initial stage (i.e., one month between t = 1 and

 t = 2). Finally, long intervals at the post-adoption stage (i.e.,
 at least two months between t = 2 and t = 3 and between t =

 3 and t = 4) are considered appropriate in order to examine the
 distal, vis-?-vis proximal, effects.

 Venkatesh et al. and Morris et al. used the same questionnaire
 items to measure TPB constructs such as attitude, subjective
 norm, perceived behavioral control, and intention to use.
 Survey questionnaire items are shown in Appendix B. All
 scales were shown to be highly reliable because Cronbach
 alpha estimates exceeded 0.80. In addition, the convergent
 and discriminant validity of the scales were successfully
 established through high factor loadings (more than 0.80) and
 low cross-loadings (less than 0.25) from exploratory factor
 analyses. However, the two studies differ in how they
 measured actual usage. In the Venkatesh et al. study, actual
 usage was measured by the number of information queries
 made through system logs within a specified period. Morris
 et al. used the duration of technology use, measured by
 average hours of use per week, to capture actual usage. For
 more details on the original studies, readers are referred to
 Venkatesh et al. (2000) and Morris et al. (2005).

 Results of Path Analyses

 Each set of the data includes correlation coefficients between

 15 variables (i.e., five factors per wave three waves). All of
 the intermediate, alternative, and IFTU models were estimated

 on each set of data using path analysis implemented in
 LISREL 8 (J?reskog and S?rbom 1996). To assess model
 data fit, four commonly used fit measures were employed: the
 consistent Akaike information criterion (CAIC), the com
 parative fit index (CFI), the root mean square error of
 approximation (RMSEA), and the standardized root mean
 square residual (SRMR). CAIC is known to be one of the

 most effective indices in comparing competing (nested or
 non-nested) models (Diamantopoulos and Siguaw 2000; Lin
 and Dayton 1997; Steenkamp and Baumgartner 1998).

 Meanwhile, the other fit indices (i.e., CFI, RMSEA, and
 SRMR) are recommended for evaluating model fit in general
 (Diamantopoulos and Siguaw 2000; Hu and Bentler 1999).

 A model is said to be moderately acceptable if CFI > .90,
 RMSEA < .08, and SRMR < .10 (Chin et al. 1997, Hu and
 Bentler 1999). To be more conservative, the use of stringent
 criteria such as CFI > .95, RMSEA < .06, and SRMR < .08 is
 also recommended (Hu and Bentler 1999). For CAIC, a
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 Table 2. Summary of the Results

 Tests of the Proposed Model (IFTU2)
 Results for Each Sample

 Sample A  Sample  Sample C
 IFTU2 fits the data better than the nine competing

 models1
 Yes  Yes  Mixed

 IFTU2 explains a significant percentage of the variance in
 the determinants of IT usage intention and IT usage
 behavior2

 Yes
 (SMCs range from

 0.23 to 0.43)

 Yes
 (SMCs range from

 0.25 to 0.42)

 Yes
 (SMCs range from

 0.25 to 0.46)
 Notes:
 1. The detailed statistics regarding model fit are in Appendix C.
 2. The detailed statistics regarding path coefficients and explained variance are in Appendix D.

 lower value is considered an indication of better fit without

 specific cutoffs (Steenkamp and Baumgartner 1998). Besides,

 2 difference tests were conducted to formally compare the
 nested models between IFTU1 and other competing models
 such as intermediate models, alternative models, and IFTU2.
 Table 2 shows the summary of the results obtained from the

 three samples. As indicated in Table 2, the proposed model
 is generally shown to be a reasonable approximation of
 technology use over time. The detailed fit statistics for the 10

 competing models as well as the results of model comparisons
 are presented in Appendix C. In addition, path estimates and
 squared multiple correlations (SMC) for selected models are
 shown in Appendix D.

 Intermediate Models and IFTU1

 Intermediate Model I. IMI is the base model, which
 represents only the causal flows explicitly postulated by TPB.
 Although it has been applied successfully to numerous IS
 studies, TPB, at least in its original form, apparently fails to
 describe how individuals' evaluations and behavior evolve

 over time. As shown in Appendix C, the fit of this unem
 bellished TPB model is nowhere near satisfactory, even if less
 stringent criteria are applied. As Appendix D shows, IMI
 explains little of the variance in BI and USE. For example,
 SMC for BI is as low as 0.15 for Sample A, 0.18 for Sample
 B, and 0.17 for Sample C. Similarly, SMC for USE is as low
 as 0.26 for Sample A, 0.24 for Sample B, and 0.24 for Sample
 C. Overall, the results strongly indicate that IMI, which is a
 simple application of the original TPB to a three-stage
 context, does not properly reflect technology use.

 Intermediate Model 2. IM2 integrates the sequential updating
 mechanism and IMI. The results revealed that although IM2
 fit the three sets of the data considerably better than IMI [ 2
 (8) = 230.41,/? < 0.001, for Sample A; 2(8) = 183.85,/? <

 0.001, for Sample ; 2(8) = 568.99,/? < 0.001, for Sample
 C], it nevertheless was unsatisfactory. For example, all the fit
 indices for IM2 were considerably closer to cutoff values than

 were those for IMI (Appendix C). However, although
 comparatively superior to the base model, IM2 fit the data
 unsatisfactorily, even if less stringent criteria were used.
 Therefore, although the notion of intertemporal updates was
 shown to be helpful, IM2 still seemed to leave much room for
 improvement.

 Intermediate Model 3. IM3 combines feedback effects and
 IMI. The difference in fit between IM3 and IMI was
 strikingly large [ 2 (8) = 166.38,/? < 0.001, for Sample A;

 2 (8) = 165.95,/? < 0.001, for Sample ; 2 (8) = 340.40,
 /? < 0.001, for Sample C]. All of the fit indices consistently
 and unambiguously pointed out that IM3 represented the data
 better than IMI did. Nevertheless, the addition of feedback

 into TPB was not enough to bring model fit to an acceptable
 level. Thus, these results suggest that although organizational
 users might employ self-perception processing, post-adoption
 phenomena involve extra processes other than self-perception.

 Intermediate Model 4. IM4 adds the past use-current use
 relationship into the original TPB. This model is similar to
 the longitudinal model used by Venkatesh et al. (2000) and by

 Morris et al. (2005) in that both are designed to reflect
 repeated behavioral patterns in addition to the process
 represented by TPB. Appendix C shows that as with IM2 and
 IM3, IM4 exhibits significantly better fit than IMI [ 2 (2) =
 75.11,/? < 0.001, for Sample A; 2 (2) = 64.28,/? < 0.001,
 for Sample ; 2 (2) = 193.07, < 0.001, for Sample C].

 Nevertheless, controlling for habit effects yielded less sub
 stantial improvement than when sequential updating or
 feedback mechanisms were added into TPB. Thus, although
 habit has recently received much attention from researchers,
 it seems to be merely one of many mechanisms that influence
 post-adoption phenomena.

 524 MIS Quarterly Vol. 33 No. 3/September 2009

This content downloaded from 141.23.187.78 on Sun, 16 Sep 2018 12:57:22 UTC
All use subject to https://about.jstor.org/terms



 Kim/The Integrative Framework of Technology Use

 IFTUl. Appendix C shows that IFTU1, which integrates all
 of the four mechanisms into a coherent three-wave panel
 structure, achieved statistically significant improvement over
 the intermediate models. In addition, IFTUl was found to
 explain the data more than adequately from the viewpoint of
 a liberal standard; however, when subjected to rigorous
 criteria, the model still was unacceptable and required further
 refinement. Appendix D shows path estimates and SMC for
 IFTUl. Where path estimates were concerned, most of the
 relationships representing the three interwave processes (i.e.,
 sequential update, feedback, and habit mechanisms) were
 statistically significant. Specifically, out of 18 (non-TPB)
 causal relationships, 14 paths (78 percent) were significant in
 Sample A, 13 paths (72 percent) in Sample B, and 16 paths
 (90 percent) in Sample C. In contrast, out of fifteen TPB rela
 tionships, only nine (60 percent), eight (53 percent), and
 thirteen (87 percent) paths were significant, respectively, in
 Samples A, B, and C. Thus, each of the three interwave
 mechanisms appeared to be as important, if not more so, as
 the widely recognized TPB mechanism. In addition, Appen
 dix D shows that compared with the base model (i.e., IMI),
 IFTUl explains at least 10 percent (at t = 2 for Sample A) and
 even as much as 22 percent (at t = 3 for Sample B) more
 variance in BI during the post-adoption stage. Likewise,
 IFTUl, as compared with the base model, increases SMCs for
 continued use by 11 percent (at t = 3 for Sample A) to 19
 percent (at t = 4 for Sample C). Overall, IFTUl, as compared
 with the intermediate models, was considered a more reason
 able representation of technology use. In addition, the
 propositions about the proximal effects found strong support
 in the three-wave settings.

 Alternative Models and IFTU2

 Alternative Model 1. AMI incorporates into IFTUl eight
 paths reflecting distal TPB effects. As shown in Appendix C,
 the fit of AMI does not generally appear to be better than that

 of IFTU2. In fact, CAIC suggested that compared with RM1,
 IFTUl explained the data more succinctly. The results of 2
 difference tests also indicated that the eight paths incorporated
 into the model did not help improve fit with one exception in
 Sample C [ 2 (8) = 8.42, = ns, for Sample A; 2 (8) =
 4.65, = ns, for Sample ; 2 (8) = 16.99, < 0.05, for
 Sample C]. This exception seemed to occur mainly because
 of the sensitivity of the 2 test to the large sample size (n =
 342). If the sample size had been smaller (i.e., about 200), the
 outcome of the test would have been the same as found in the

 other samples. In fact, a careful inspection of the LISREL
 output revealed that, out of eight paths added on top of
 IFTUl, only one path was significant, and it was negative,

 which suggests that the unexpected outcome might result
 from a random fluctuation. Taken together, it seems reason

 able to conclude that the effects of prior evaluations on tech
 nology use were fully mediated by current evaluations.

 Alternative Model 2. This paper proposed that intertemporal
 updates would occur not only between the judgments
 temporally proximal but also between those temporally distal.
 To formally test this proposition, AM2 was designed to
 explicitly include the path from each of the TPB variables to
 the same variable measured not only at one period later but
 also at two periods later. As expected, the results were found
 to be consistent with the proposition. For example, the fit of
 AM2 was significantly better than that of IFTU1 [ 2 (4) =
 29.70,/? < 0.001, for Sample A; 2 (4) = 31.41,/? < 0.001,
 for Sample ; 2 (4) = 52.67,/? < 0.001, for Sample C]. In
 addition, other fit indices such as CAIC, CFI, RMSEA, and
 SRMR also indicated that AM2 explained actual phenomena
 better than IFTU1. These results imply that the notion of
 distal sequential updating effects would enhance our under
 standing of technology use over time.

 Alternative Model 3. AM3 is the amalgamation of IFTU1 and
 the lagged effects of feedback. This alternative model was
 developed primarily to examine whether people arrive at their
 judgments from both distally lagged USE and proximally
 lagged USE. Results from the model demonstrated that extra
 paths indicating distally lagged USE effects were largely
 redundant in the description of post-adoption phenomena.
 Specifically, the distal effects of feedback were found to be
 nonsignificant in Samples A and B, but they were significant
 in Sample C [ 2 (4) = 6.19,/? = ns, for Sample A; 2 (4) =
 8.67, = ns, for Sample ; 2 (4) = 9.85, < 0.05, for
 Sample C]. The LISREL output indicated that in Sample C,
 only one path was significant out of the four added. This
 observation suggests that the unexpected outcome in Sample
 C could be attributed to its large size; were it not for the large
 sample size, the result would have been different. Overall,
 these results provided empirical support for the proposition
 that the feedback mechanism would have both proximal and
 distal effects on post-adoption phenomena.

 Alternative Model 4. AM4 adds into IFTU1 the new idea of

 the distal effects of USE on later usage. The results of path
 analysis showed that the addition of a relationship from USE
 (t = 2) to USE (t = 4) significantly increased fit with one
 exception that occurred in Sample C [ 2 (1) = 7.12,/? < 0.01,
 for Sample A; 2 (1) = 7.49,/? < 0.01, for Sample ; 2 (1)
 = 3.14,/? = ns, for Sample C]. However, a careful inspection
 of the LISREL output indicated that the relationship between
 USE (t = 2) and USE (t = 4) was actually significant at the
 0.01 level in Sample C (? = 0.15,/? < 0.01). Therefore, as a
 whole, the results of AM4 supported the proposition that the
 habit mechanism would have both proximal and distal effects
 on subsequent use. That is, the notion of habit would be
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 better represented by a series of past USE measures than by
 only one measure of recent past usage.

 IFTU2. IFTU2 is the proposed model in this study and is
 depicted in Figure 2. The results of path analysis revealed
 that model performance improved considerably with the
 addition of five paths representing the distal effects of
 sequential updating and habit. As Appendix C shows, IFTU2
 is significantly better than IFTUl in terms of fit. Moreover,
 IFTU2 yielded a fit that finally met stringent criteria for
 Samples A and B; specifically, except for CFI in Sample A
 (0.93), fit indices for both sets of data were well within the
 satisfactory ranges. However, the fit of IFTU2 in Sample C

 was still marginal.

 Appendix D shows path estimates for IFTU2 for the three
 samples. The structural paths representing the two distal

 mechanisms are generally significant for the three samples.
 Specifically, with the exception of the path from SN (t = 1) to
 SN (t = 3) in Samples A and C, all of the new paths added
 into the model were significant. Consistently, SMC for BI (t
 = 3) increased by 2 percent to 6 percent. These amounts of
 increase in explained variance correspond to the effect sizes
 of 0.03 to 0.10?which are considered small-to-medium
 according to Cohen's (1988) operational definition. There
 fore, the distal sequential updating mechanism is believed to
 help researchers and practitioners to more accurately predict
 behavioral intention. Meanwhile, SMC for USE (t = 4)
 increased by 1 percent to 3 percent, and the effect sizes were
 found to range from 0.02 to 0.05. Although the effect sizes
 were minimal in this particular study, however, it seems
 premature to conclude that the distal habit mechanism is all
 but meaningless. This is because the respondents in the
 original studies had less than a year of experience with the
 application, and thus, their habits might not be completely
 stabilized. To better predict technology usage, researchers
 and practitioners may still want to use a distally lagged usage
 measure in addition to a proximally lagged usage measure.
 This suggestion is especially relevant if individuals already
 have ample experience with an application in question.
 Overall, in conjunction with the improved model fit found
 previously, these results indicated that the proposed model
 (i.e., IFTU2) surpassed competing models as an effective
 representation of continued use. Specifically, this study sug
 gests that to gain a better understanding of how individuals
 adjust their evaluations and behavior over time, the distal
 sequential updating and habit mechanisms should be taken
 into account in addition to the proximal effects of the four

 mechanisms.3

 Discussion and Conclusion

 The major objective of this study is to extend IFTU by adding
 the notion of memory processing and test the TPB-based
 3 WPM derived from the extended paradigm. Three different
 sets of data (n = 195,160, and 342, respectively) were used to
 test the proposed model. The results of data analysis show
 that, as expected, the four mechanisms identified in IFTU,
 namely, reason-oriented action, sequential updating, feed
 back, and habit, have proximal effects on post-adoption
 phenomena. Furthermore, consistent with the memory per
 spective, the sequential updating and habit mechanisms are
 found to have distal effects on post-adoption phenomena even
 after controlling for their proximal effects. Overall, the
 findings of this study indicate that the memory perspective
 offers not only a seamless explanation of the four mechanisms

 underlying technology use but also yields deeper insights that
 can be validated only through a three-or-more-wave panel
 study. This research contributes to the literature by demon
 strating that the extended IFTU paradigm has the potential to
 serve as a coherent theoretical framework on post-adoption
 phenomena in which prior experiences are internalized into
 memories, which in turn regulate later experiences.

 Theoretical Contributions

 Technology Use from the Perspective
 of Memory Processing

 The role of memory in individuals' reactions to an application
 has been relatively ignored in technology adoption research.
 Accordingly, little was known about how memory is involved
 in transforming prior experiences into subsequent judgments
 and behavior. A major contribution of this study is to intro
 duce the notion of memory processing into the explanation of
 technology use that unfolds over time. Specifically, this study
 draws on the process model of memory and shows that four
 categories of memory in the brain?short-term memory (i.e.,
 working memory) and three different types of long-term
 memory (i.e., semantic, episodic, and implicit memory)?
 work closely together to guide conscious and automatic
 technology use. In addition, this study sheds light on how

 working, semantic, episodic, and implicit memory relate to,
 respectively, the four mechanisms of reason-oriented action,

 sequential updating, feedback, and habit. More important,
 this study suggests that the implications of the memory
 perspective lie far beyond the notion of the four mechanisms

 3To assess the degree of credibility that can be placed on the results of path
 analyses in this study, common method variance (CMV) and statistical power
 were examined. The detailed procedures and results of data analyses are
 described in Appendix E. In short, CMV was not found to be a serious

 concern in this study, and sample sizes were sufficient to detect false null
 hypotheses.
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 and could provide a richer description of post-adoption
 phenomena. The process model of memory is well estab
 lished in cognitive psychology, and its validity has also been
 demonstrated in numerous neuroscience studies (Miller and
 Cohen 2001; Myers 2004; Thompson and Kim 1996). Thus,
 the memory perspective has enormous potential to reveal the
 hidden nature of the behaviors behind technology use that
 heretofore has been overlooked in IS research.

 Theoretical Refinement of IFTU by Examining
 Distal Effects Beyond Proximal Effects

 An interesting finding of this study is that current judgments

 are formed based on judgments that are both proximally and
 distally lagged. This finding differs from the theory that
 claims that prior judgment serves as an anchor and that the
 anchor is successively adjusted as new information becomes
 available (Helson 1964; Hogarth and Einhorn 1992). Within
 this anchor-adjustment framework, an implicit assumption is
 that prior judgment can be saved intact and that it can also be
 retrieved in its original form. According to this perspective,
 therefore, the effect of prior judgment on subsequent judg

 ment will be folly mediated by current judgment. Contrary to
 this anchor-adjustment framework, the schema theory sug
 gests that semantic memories can be stored only in a
 subjective and abstract form (Winn 2004). Thus, a series of
 prior judgments are required to accurately represent this
 schema structure, which in turn affects subsequent judgments.

 A piece of empirical evidence supporting the distal sequential
 updating mechanism can be found in a three-wave study by
 Bolton and Drew (1991) of customers' perceptions of service
 quality within the context of telephone service. Although
 Bolton and Drew did not formally test the distal sequential
 updating mechanism, the correlation matrix reported in their

 study shows that the distal sequential updating mechanism is
 significant, even after controlling for other relevant variables
 that included the proximal sequential updating mechanism.
 This finding suggests that the distal effects of sequential
 updating are a more or less general phenomenon and not
 something specific to technology use.

 Meanwhile, although numerous studies show that past
 behavior relates to later behavior, few have examined how
 two temporally different measures of past behavior jointly
 affect later behavior. As indicated in the literature, the key
 notion of habit lies in mental script that is established through
 repeated performance. According to this script theory, habit
 is represented by an accumulation of prior use over time; thus

 in a routine environment, all things being equal, prior use will

 affect subsequent use over and above current use. The
 present study is meaningful because it is one of the first

 studies to confirm the important premise behind habitual use
 by showing the distal effects of past behavior on later
 behavior in the context of technology use. In fact, much
 research in other disciplines also implies the existence of
 script. For example, Bagozzi (1981) found from a study of
 blood donation that past behavior influenced distal behavior
 over and above proximal behavior. In addition, LaBarbera
 and Mazursky (1983) showed within the context of product
 purchase that prior purchases at two different periods
 collectively affected later purchases. Thus, to the extent that
 a behavior in question is routinized within everyday life (e.g.,
 online purchase of products or services, online community
 activities, etc.), past behavior is expected not only to have
 short-term effects but also to have long-term effects on later
 behavior.

 Overall, this study makes a major contribution to the literature

 by showing that IFTU requires further elaboration on long
 time (in addition to short-time) effects of individuals' evalua

 tions and behavior on post-adoption phenomena. Specifically,
 the findings of this study indicate that the sequential updating

 and habit mechanisms have temporally distal effects on post
 adoption phenomena but the reason-oriented action and
 feedback mechanisms do not. Furthermore, we learn from the
 process model of memory that the distal effects of the
 sequential updating and habit mechanisms are made possible,
 respectively, through internalized knowledge representations

 from schema in semantic memory and from script in implicit
 memory. These findings are important because as long as the
 schema and script endure, the distal effects are likely to con
 tinue to be observed in four-or-more-wave contexts. In this

 sense, the present study, which theoretically draws on the
 memory perspective and empirically employs three-wave
 panel data, makes an important step toward a deeper under
 standing of continued use that is rarely revealed in past
 research.

 Validation of IFTU as a General
 Conceptual Framework

 This study shows that IFTU can generalize straightforwardly
 from A to TPB (i.e., base theory), from a two-wave setting
 to a three-wave setting (i.e., periods in time), from personal
 use to organizational use (i.e., type of technology use), and
 from a Web-based portal to a software program (i.e., target
 application). Because the four mechanisms identified in IFTU
 describe generic decision-making and action processes, their
 applications seem more wide ranging than the two specific
 forms mentioned previously. For example, Venkatesh et al.
 (2003) have developed a model called the unified theory of
 acceptance and use of technology (UTAUT) that is strongly
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 rooted in the reason-oriented action framework (Jasperson et
 al. 2005). It is a fairly straightforward exercise to develop a
 UTAUT-based multistage panel model because UTAUT only
 needs to be complemented with the other three mechanisms
 (i.e., the sequential updating, feedback, and habit mech
 anisms). That is, UTAUT can serve as a basis for other
 longitudinal models of technology use if investigators believe
 that UTAUT represents the reason-oriented action mechanism

 better than other models (e.g., A , TPB). Thus, it is impor
 tant to note that the IFTU paradigm is a general conceptual
 framework for understanding continued use while tran
 scending a particular form of panel model with predefined
 factors.

 Salience of the Four Mechanisms
 Underlying Continued Use

 The findings of this study reveal that three interwave pro
 cesses such as sequential updating, feedback, and habit mech
 anisms were at least as important as the TPB mechanism, if
 not more so. These findings suggest that an exclusive focus
 on the reason-oriented action mechanism can easily result in
 biased inferences. For example, researchers in IS have often
 discretely analyzed panel data wave-by-wave without taking
 a holistic view. Yet an important and noteworthy implicit
 assumption of this discrete procedure is that interwave
 mechanisms (e.g., sequential updating, feedback, and habit
 mechanisms) are irrelevant to the actual phenomena under
 scrutiny. Contrary to this implicit assumption, this study
 demonstrated that the unembellished TPB model (i.e., IMI),
 fit the data poorly, suggesting flaws in the common approach
 to analyzing panel data.

 Meanwhile, the superiority of the TPB-based 3WPM pro
 posed in this present study is noteworthy in comparison with
 IM4, which closely resembles the one used by Venkatesh et
 al. (2000) and by Morris et al. (2005). Recall that although
 Venkatesh et al. and Morris et al. explicitly controlled for the
 past use-current use relationship, they paid little attention to
 sequential updating and feedback mechanisms that may be
 vital, especially at the post-adoption stage. Given that neither
 sequential updating nor feedback mechanisms are supposed
 to have direct impact on technology use, these processes can
 be ignored if the objective of a study is to predict system
 usage in particular. However, if one wants to explain actual
 phenomena in general, omission of these mechanisms is likely
 to distort our understanding of reality. In general, this study
 contributes to the literature by showing that each of the four
 mechanisms in the IFTU paradigm is a critical driver of
 technology use, and thus, lack of attention to any one of them
 is likely to lead to biased conclusions.

 Managerial Implications

 After investigating numerous field practices, McAfee (2003)
 points out that "when people have a choice, they may well
 ignore a new technology, especially if it affects a core task or
 is highly novel" (p. 86). This observation indicates that

 mental inertia is one of the key barriers to the success of a
 new technology. Interestingly, the theoretical framework
 presented in this study provides practitioners with insights
 into the property of mental inertia and how to help workers
 overcome it. In particular, the findings of this study suggest
 that whereas the schema in semantic memory acts as a strong
 anchor, the adjustment made by the TPB mechanism is not
 substantial. These findings indicate that individuals tend to
 keep making similar decisions despite the presence of new
 information. The schema structure that is deeply seated in
 semantic memory is believed to be a psychological basis for

 why people often overlook the potential benefits of the new
 feature or application. Nevertheless, existing sch?mas can be
 also used to facilitate the use of a new feature or application.
 For example, research shows that if the existing schema is
 congruent with a new use situation, people tend to have
 favorable attitudes toward the new experience (Wansink and
 Ray 1996). Such a phenomenon is called a halo effect. This
 halo effect can be manipulated in practice in a number of
 ways. For example, organizations have recently been trying
 to implement business intelligence (BI) tools for their workers

 (Carte et al. 2005). From the perspective of memory, an
 effective way to enhance the utilization of the new tools
 would be to relate the BI tools to the old technology. This is
 because when the old and new technologies are similar, the
 schema and script used for the old technology are likely to be
 evoked again for the new technology. In fact, practitioners
 recognize that to facilitate sustained usage, BI capabilities
 should be implemented within the existing enterprise appli
 cations such as enterprise resource planning; this is because
 the workers feel more comfortable with BI capabilities
 embedded within the familiar applications than with those
 from new vendors (Daniel 2008). This suggestion is con
 sistent with the IFTU paradigm that highlights the mental
 inertia resulting from schema.

 Another important finding of this study is the significant
 effect of distally lagged usage on current usage over and
 above proximally lagged usage. This finding implies the
 presence of a mental script that is strengthened over time with

 repeated performance. Without such mental script leading to
 automatic use, even a simple task would require considerable
 cognitive effort that otherwise could be directed to other
 important tasks (Kuutti 1996; Vallacher and Wegner 1987).
 Thus, to enhance organizational productivity, it is important
 for managers to help their workers develop a habit of using
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 desirable technology features (Louis and Sutton 1991). On
 the other hand, it is important to note that habit often leads to

 mindless repetition of the same routine even when this routine
 is no longer effective in performing the task at hand. Such a
 form of habit is detrimental to work performance, and,
 therefore, managerial interventions should be considered to
 disrupt the unproductive routine. The literature suggests
 several intervention methods that could be effective in

 attracting individuals' attention. For example, explicit direc
 tives from upper-level managers could influence workers to
 revert from automatic to conscious control of technology use
 (Jasperson et al. 2005). In addition, to make workers pay
 attention to the drawbacks of the current routine, the benefit
 of innovative use, vis-?-vis the current use, needs to be made

 apparent to them through training and education. This is
 because individuals who are faced with contrasting infor
 mation tend to employ deliberate evaluations, and, as a result,
 their recall of the new attribute is often better (Wansink and

 Ray 1996). This awareness program is believed to be effec
 tive not only as a way to disrupt habitual behavior but also to
 overcome the mental inertia discussed previously.

 To summarize, managers will benefit from viewing the
 effective management of technology post-adoption essentially
 as an issue of managing human memory. With a rich account
 of technology use, the conceptual framework proposed in this
 study is expected to give the practitioners useful insights in
 how to deploy a new technology into their organizations.

 Limitations of the Study

 Several potential limitations of this study deserve mentioning.

 First of all, it should be noted that the original studies did not
 take into account measurement errors when factor correlations

 were calculated. Inevitably, the results of the present study,
 which relied on the reported correlation matrices, are unlikely
 to be free of measurement errors. Despite the potential for
 bias, the scales in the original studies were shown to be highly
 reliable and, consequently, any measurement errors in them
 were likely to be minor. Thus, any bias resulting from mea
 surement errors is expected to be minimal. Meanwhile, the
 correlations in the original studies were reported only at the
 factor level, and as a result, autocorrelation?which refers to
 "correlation between error terms for the same variables over

 time" (J?reskog and S?rbom 1996, p. 228)?was not
 explicitly controlled for. Kim and Malhotra (2005) reported
 that out of 12 interwave paths examined over a month, three
 paths in the sequential updating mechanism exhibited
 autocorrelation. This finding suggests that autocorrelation is
 not necessarily omnipresent, but it could affect the inferences
 that are drawn from a longitudinal study. Hence, caution is

 advised in view of the possibility that this study overestimates
 some of the mechanisms.

 Although survey questionnaire items were the same across the
 original studies, actual usage measures were not identical
 (e.g., frequency and duration). This discrepancy in behavioral

 measures could potentially affect the results of this study. As
 a matter of fact, although the fit of the proposed model was
 found to be satisfactory on Samples A and B, it was not so on

 Sample C. Considering that the frequency measure was used
 for Samples A and B, the poor fit for Sample C could be
 attributed to the duration measure used to tap actual usage in
 the study by Morris et al. Although the results of this study

 were, for the most part, comparable regardless of the usage
 measures, readers are advised to consider them with this
 potential shortcoming in mind. Meanwhile, it is important to
 point out that the use of secondary data in this study made it
 difficult to capture the various aspects of technology usage
 that lie beyond frequency or duration. A growing number of
 IS studies have revealed that technology usage is more
 complex than mere frequency or duration and that its nuances

 cannot be fully understood without examining other charac
 teristics such as integrative use, extended use, and emergent
 use (Ahuja and Thatcher 2005; Burton-Jones and Straub
 2006; Saga and Zmud 1994). Thus, caution should be taken
 in any attempts to generalize the findings of this study beyond
 the lean usage measures examined in it.

 Another limitation of this study is that it did not consider
 moderating effects in the course of its maintaining a focus on
 the linear relationships between research variables. A number
 of moderators have been identified in the literature and

 include, but are not limited to, age, gender, habit, cultural
 background, voluntariness, and task characteristics (Limayem
 et al. 2007; Sun and Zhang 2006; Venkatesh et al. 2003). In
 addition, technology usage is known to have not only a main
 effect on subsequent use but also a moderating effect on the
 relationship between usage intention and subsequent use (Kim
 et al. 2005). Unfortunately, such potential moderating effects
 were not examined in this study. Further research is required
 to incorporate diverse moderators into a conceptual model for
 a more nuanced examination of post-adoption phenomena.

 The original memory model by Atkins and Schiffrin (1968)
 has been used as a conceptual basis for much of contemporary
 cognitive psychology research. However, the three-stage
 processing model of memory is criticized as oversimplified
 (Eysenck and Keane 2005). To overcome the limitation of the
 original three-stage processing model (Atkins and Schiffrin
 1968), the present study reviews recent development in

 memory research and then offers an extended model with a

 more detailed account of long-term memory. Accordingly,
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 the extended memory model in Figure 1 is believed to be a
 parsimonious yet reasonable model of memory that can guide
 the development of longitudinal models of technology use.

 Nevertheless, contemporary research suggests that sensory
 memory and working memory consist of several qualitatively
 distinct components and, thus, they do not operate in a simple
 and linear way (Thompson and Kim 1996). Therefore,
 although the extended memory model (Figure 1) serves well
 for this particular study, it should not be considered a com
 plete account of memory processing.

 Although this study adds further confirmation to IFTU and the
 model of memory processing, it should not be treated as direct
 evidence for validation of the major claim that the different
 components of memory give rise to the four mechanisms
 underlying post-adoption phenomena that ultimately cause the

 relationships as proposed in the panel model. For example,
 this study posits that implicit (i.e., procedural) memory results

 in habit, which in turn causes the relationship between current

 use and subsequent use. Yet it is possible that the repeated
 behavioral pattern observed in this study was caused by forces

 other than habit (e.g., moral norms, self-identity) (Ajzen
 2002). Hence, further research needs to systematically com
 pare the theoretical framework proposed in this study with
 alternative explanations.

 Avenues for Further Research

 The integrative view of technology adoption and sustained
 usage opens up several exciting avenues of research. One
 interesting topic for further research is the delicate nature of
 schema in the evaluation process. For example, according to
 the literature, new experience is known to lead to the for

 mation of new schema; as long as subsequent experiences do
 not deviate significantly from the initial representation, the
 original schema is said to be maintained (Stayman et al. 1992;

 Winn 2004). Then we can expect that, all things being equal,
 initial evaluations, as compared with those performed later,
 have stronger effects on the subsequent evaluation process as
 a whole. In contrast, the literature also suggests that, when
 existing schema is not congruent with incoming information,
 people develop a different set of schema to assimilate the new
 piece of information. In such an unstable environment (i.e.,
 system update, malfunction, etc.), prior judgments are likely
 to become less relevant than recent judgments. In addition to
 these propositions, a variety of other interesting hypotheses
 can be developed using the schema theory (e.g., Alba and
 Hutchinson 1987). As such, the concept of schema is
 expected to have great potential to broaden our knowledge of
 individuals' evaluative processes within the context of
 technology use. In a similar vein, further research can exam

 ine how the lagged patterns of repeated behaviors vary with

 respect to user experience. Although habit can be described
 as a function of both distally lagged usage and proximally
 lagged usage, the weight of those variables is likely to be
 unequal. As with the case of schema, in-depth analysis of
 script in implicit memory may help us to develop specific
 hypotheses related to this habit issue. Taken together, the
 IFTU paradigm, along with the memory perspective, is
 believed to offer a number of interesting ideas for further
 research and to provide insights into how individuals'
 evaluations and behavior unfold over time.

 Another fertile area for research would be the role of user

 experience in regulating individuals' evaluations and
 behavior. To assess the moderating role of user experience,
 past research usually divided a sample into groups with
 respect to user experience (e.g., preadoption, post-adoption)
 (Karahanna et al. 1999) or employed a dummy variable
 representing different time periods (Venkatesh et al. 2003)
 (for a review, see Sun and Zhang 2006). However, past
 findings are open to further scrutiny because a variety of
 mechanisms underlying post-adoption phenomena (e.g.,
 sequential updating, feedback, habit) were not taken into
 account simultaneously. In contrast, the panel model pro
 posed in this study has the potential to address the short
 comings of the traditional methods because it allows
 investigators to assess the role of user experience within a

 more general conceptual framework. For example, to
 examine how the reason-oriented action mechanism varies

 with user experience, one can compare the relationships
 between BI and USE across time. In particular, this line of
 reasoning can be legitimately tested by comparing the path
 from BI at t = i to USE at t = i + 1, the path from BI at t = i +
 1 to USE at t = i + 2, and the path from BI at t = i + 2 to USE
 at t = i + 3. Assuming that the time intervals are all equal, the
 change in the BI-USE path across time can be attributed to
 user experience. It is hoped that future research can
 rigorously test the moderating effect of experience on
 individuals' evaluations and behavior in the manner described

 here while taking into account both proximal and distal effects

 of the mechanisms underlying post-adoption phenomena.

 Finally, it is important to note that the proposed conceptual
 framework and its propositions regarding proximal and distal
 effects are not specific to certain time intervals. Put simply,
 the conceptual model proposed in this study is expected to
 apply regardless of the different time intervals that may be
 chosen in a longitudinal study (e.g., weeks, years). In this
 particular study, for example, the time intervals between
 waves were designed to be a couple of months. Thus, it will
 be interesting to see whether the proximal and distal effects of
 the four mechanisms behave as observed in this study despite
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 the different time intervals that are employed in other studies.

 Meanwhile, researchers are also encouraged to extend the test
 of IFTU by using different numbers of periods. In the three
 wave context examined in this particular study, each mech
 anism is associated with two sets of proximal effects and a set
 of distal effects. However, if data collection occurs over a

 larger number of periods, the operationalization of these
 effects would be more complex. In the case of a four-wave
 context, for example, each mechanism corresponds to three
 sets of proximal effects and three sets of distal effects.
 Interestingly, this four-wave context allows researchers to test
 various distal effects that cannot be examined in a two- or

 three-wave context. In summary, because of the flexibility of

 IFTU, its operationalization can vary with different time
 intervals over different numbers of periods. As the results of
 different versions of IFTU are accumulated in the future, the

 validity of IFTU can be better assessed.

 Conclusion

 Although the IS literature has revealed that a variety of mech
 anisms are involved in technology use, this same literature
 lacks a unifying account of those mechanisms. The present
 study fills the void in the literature by presenting a coherent
 and comprehensive theory from the new perspective of
 memory processing. The memory perspective is rich in
 theoretical depth and well-grounded in cognitive psychology;
 thus, it will help to pose and answer numerous challenging
 questions related to post-adoption phenomena. It is hoped
 that the conceptual framework presented in this study will be
 helpful in this important line of inquiry.
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 Appendix A
 Comparisons of the Original Studies

 Venkatesh et al. (2000)  Morris et al. (2005)

 Objective  Gender differences in IT adoption decision-making
 processes

 Gender and age differences in IT adoption decision
 making processes

 Setting  Organizations implementing a new technology
 application in part or all of the organization

 Organizations implementing a new technology
 application in part or all of the organization

 Number of organizations
 Respondents  355 (195 men and 160 women)  342 (186 men and 156 women)
 Target application  Enterprise-wide system for data and information

 retrieval
 Enterprise-wide Windows-based system for data
 and information retrieval

 Methodology  Three-wave panel study  Three-wave panel study
 First data collection (t=1)  The first TPB set was measured immediately after

 initial training.
 The first TPB set was measured immediately after
 initial training.

 Second data collection
 (t=2)

 The second set of TPB data, along with actual
 usage, was measured one month after the initial
 data collection.

 The second set of TPB data, along with actual
 usage, was measured one month after the initial
 data collection.

 Third data collection (t=3)  The second set of TPB data, along with actual
 usage, was measured two months after the second
 data collection.

 The second set of TPB data, along with actual
 usage, was measured two months after the second
 data collection.

 Final data collection (t=4)  Actual usage was measured once more two months
 after the third data collection.

 Actual usage was measured once more three
 months after the third data collection.

 Survey questionnaire
 items

 Shown in Appendix  Shown in Appendix

 Actual usage  Actual usage was measured by the number of
 information queries made through system logs

 within a certain period.

 The duration of technology use, measured by
 average hours of use per week, was used to capture
 actual usage.

 Samples  Sample A (the male sample)
 Sample (the female sample)

 Sample C (the pooled sample)

 Appendix
 Questionnaire Items ^ Hl
 Intention to Use (7-point Likert scale)

 Assuming I had access to the system, I intend to use it.
 Given that I had access to the system, I predict that I would use it.

 Attitude Toward Using (7-point semantic differential scale)
 Using the system is a (bad/good) idea.
 Using the system is a (foolish/wise) idea.
 I (dislike/like) the idea of using the system.

 Using the system is (unpleasant/pleasant).
 Subjective Norm (7-point Likert scale)

 People who influence my behavior think that I should use the system.

 People who are important to me think that I should use the system.

 Perceived Behavioral Control (7-point Likert scale)
 I have control over using the system.
 I have the resources necessary to use the system.

 I have the knowledge necessary to use the system.
 Given the resources, opportunities and knowledge it takes to use the system, it would be easy for me to use the system.
 The system is not compatible with other systems I use.
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 Appendix C
 Model Fit

 Fit
 Indices

 Intermediate Model

 IFTU1

 Alternative Model

 Sample A
 510.73  280.32  344.35  423.08  143.54  135.12  113.84  137.35  136.42

 df  87  79  79  85  69  61  65  65  68
 Model

 Fit
 CAIC  717.74  537.52  601.55  642.43  463.46  505.23  458.86  482.36  462.61
 CFI  0.48  0.72  0.62  0.58  0.88  0.89  0.92  0.89  0.89

 RMSEA  0.16  0.12  0.13  0.14  0.075  0.080  0.063  0.076  0.073
 SRMR  0.22  0.16  0.16  0.21  0.090  0.090  0.078  0.083  0.087

 Model
 Com
 parison

 2  367.19  136.78  200.81  279.54  (-)8.42  (-)29.70  (-)6.19  (-)7.12
 18  10  10  16

 p-value  O.001  <0.001  <0.001  <0.001  ns  <0.001  ns  <0.01

 Sample
 431.10  247.25  265.15  366.82  121.30  116.65  89.89  112.63  113.81

 df  87  79  79  85  69  61  65  65  68
 Model

 Fit
 CAIC  631.59  496.33  514.23  579.45  431.13  475.08  424.02  446.76  429.71
 CFI  0.54  0.72  0.68  0.63  0.90  0.90  0.95  0.91  0.91

 RMSEA  0.16  0.12  0.12  0.15  0.070  0.076  0.050  0.069  0.066
 SRMR  0.23  0.17  0.16  0.21  0.093  0.091  0.075  0.082  0.089

 Model
 Com
 parison

 2  309.80  125.95  143.85  245.52  (-)4.65  (-)31.41  (-)8.67  (-)7.49
 Mf  18  10  10  16

 p-value  O.001  <0.001  <0.001  <0.001  <0.001  ns  <0.01

 Sample C
 1139.51  570.52  799.11  946.44  300.02  283.08  247.35  290.17  296.88

 df  87  79  79  85  69  61  65  65  68
 Model

 Fit
 CAIC  1365.05  850.75  1079.34  1185.66  648.60  686.29  623.26  666.08  652.29
 CFI  0.42  0.68  0.54  0.52  0.84  0.84  .087  0.84  0.84

 RMSEA  0.19  0.14  0.16  0.17  0.100  0.10  0.09  0.10  0.10
 SRMR  0.24  0.16  0.17  0.22  0.079  0.091  0.065  0.073  0.077

 Model
 Com
 parison

 2  839.49  270.50  499.09  646.42  (-)16.99  (-)52.67  (-)9.89  (-)3.14
 18  10  10  16  8  1

 p-value  <0.001  <0.001  <0.001  <0.001  <0.05  <0.001  <0.05

 Notes:
 ns = Not significant
 Model comparison was made with IFTU1
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 Appendix D
 Completely Standardized Path Estimates and Squared Multiple Correlations

 Hypothesized
 Mechanisms  Causal Paths

 Sample A
 IM1  IFTU1 IFTU2

 Sample
 IM1  IFTU1 IFTU2

 Sample C
 IM2  IFTU1

 A
 SN

 PBC
 PBC

 Bl

 The theory of
 planned behavior

 A
 SN

 PBC
 PBC

 Bl
 A

 SN
 PBC
 PBC

 Bl

 1) ? Bl (t= 1)
 = 1) ? Bl (t= 1)
 : 1) Bl (t= 1)
 : 1) - USE(t + 2)
 1) - USE(t + 2)

 0.43***
 0.06
 0.09
 0.05
 0.50***

 0.043**
 0.06
 0.09
 0.05
 0.50***

 0.43***
 0.06
 0.09
 0.05
 0.50***

 0.12
 0.46***
 0.28***
 -0.01
 0.50***

 0.12
 0.46***
 0.28***
 -0.01
 0.05***

 0.12
 0.46***
 0.28***
 -0.01
 0.05***

 0.31***
 0.26***
 0.12*
 0.14**
 0.62

 0.31*
 0.26*
 0.12*
 0.14*
 0.62*

 2) - Bl (t = 2)
 2) Bl (t = 2)
 2) - Bl (t = 2)
 2) -+ USE(t = 3)
 2) - USE (t = 3)

 0.36*
 0.10
 0.11
 0.17*
 0.47

 0.24**
 0.08
 0.02
 0.13*
 0.31***

 0.24***
 0.08
 0.02
 0.13*
 0.31***

 0.29***
 0.08
 0.28***
 0.10
 0.47***

 0.18*
 0.04
 0.20**
 0.06
 0.35***

 0.18*
 0.04
 0.20**
 0.06
 0.35***

 0.34***
 0.15**
 0.18***
 0.14**
 0.44***

 0.22*
 0.09
 0.12*** 1
 0.10*
 0.25*** 1

 3) - Bl (t = 2)
 : 3) -> Bl (t = 2)
 3) ? Bl (t = 2)
 : 3) - USE (t = 3)
 3) - USE (t = 3)

 0.35***
 0.13
 0.06
 0.20***
 0.49***

 0.22***
 0.11*
 -0.06
 0.14*
 0.34**

 0.23***
 0.08
 -0.06
 0.12*
 0.01***

 0.10
 0.04
 0.45***
 0.06
 0.45***

 0.03
 0.04
 0.36***
 -0.03
 0.35***

 0.01
 0.00
 0.37***
 -0.05
 0.31***

 0.36***
 0.06
 0.21***
 0.19***
 0.43***

 0.26**
 0.02
 0.12*
 0.11*
 0.24*** '

 Sequential
 updating

 A
 SN

 PBC
 Bl

 1) - A (t = 2)
 1) -> SN (t = 2)
 1) - PBC(t = 2)
 1) Bl (t = 2)

 0.25***
 0.16*
 0.30***
 0.32***

 0.25***
 0.16*
 0.30***
 0.32***

 0.22**
 0.14
 0.33***
 0.22**

 0.22**
 0.14
 0.33***
 0.22**

 0.24*
 0.46*
 0.35*** 1

 0.27*** 1

 A
 SN

 PBC
 Bl

 2) - A (t = 3)
 2) SN (t = 3)
 2) - PBC (t = 3)
 2) Bl (t = 3)

 0.20*
 0.19*
 0.24*
 0.42*

 0.16*
 0.17*
 0.17*
 0.34**

 0.21*
 0.20*
 0.20*
 0.34*

 0.16*
 0.17*
 0.14
 0.26**

 0.22*** 1
 0.50*** !
 0.37*** 1
 0.13*

 USE
 USE
 USE
 USE

 2) -+ A (t = 2)
 2) - SN (t = 2)
 2) -+ PBC (t = 2)
 2) - Bl (t = 2)

 0.21*
 0.09
 0.11
 0.15*

 0.21*
 0.09
 0.11
 0.15*

 0.31***
 0.16
 0.18*
 0.15

 0.31***
 0.16
 0.18*
 0.15

 0.25*** 1

 0.06
 0.12*
 0.17

 Feedback  USE
 USE
 USE
 USE

 : 3) - A (t = 3)
 = 3) -+ SN (t = 3)
 : 3) - PBC (t = 3)
 : 3) Bl (t = 3)

 0.31*
 0.06
 0.18*
 0.13

 0.27***
 0.04
 0.17**
 0.07

 0.14
 0.20**
 0.30***
 0.06

 0.10
 0.14
 0.28***
 0.01

 0.26*** 1
 0.05
 0.18*** 1
 0.27*

 Habit  USE
 USE

 : 2) -+ USE (t = 3)
 : 3) USE (t = 4)

 0.40***
 0.37***

 0.40***
 0.29***

 0.35***
 0.42***

 0.35***
 0.33***

 0.46*
 0.48*** 1

 Distal sequential
 updating

 A
 SN

 PBC
 Bl

 ) - A(t = 3)
 ) SN (t = 3)
 ) -> PBC (t = 3)
 ) - Bl (t = 3)

 0.17*
 0.09
 0.23**
 0.24***

 0.22**
 0.22**
 0.17**
 0.26***

 Distal habit  USE (t  ) USE (t = 4)  0.18*  0.21*

 Squared multiple
 correlations

 Bl (t= 1)
 USE (t = 2)
 Bl (t = 2)
 USE (t = 3)
 USE (t = 4)

 0.23
 0.26
 0.16
 0.26
 0.15
 0.29

 0.23
 0.26
 0.31
 0.40
 0.37
 0.41

 0.23
 0.26
 0.31
 0.40
 0.41
 0.43

 0.40
 0.25
 0.18
 0.26
 0.24
 0.24

 0.40
 0.25
 0.28
 0.37
 0.36
 0.38

 0.40
 0.25
 0.28
 0.37
 0.42
 0.41

 0.25
 0.44
 0.17
 0.24
 0.18
 0.26

 0.25
 0.44
 0.34
 0.42
 0.30
 0.45

 Notes:
 A = attitude; SN = subjective norm; PBC = perceived behavioral control; Bl:
 *p < 0.05; **p < 0.01 ; ***p < 0.001 (two-tailed)

 behavioral intention; USE = technology usage
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 Appendix E
 Common Method Variance and Statistical Power Bill^^HHHHH^^^HHBHl

 This study used data collected over time (i.e., three times) using multiple methods (i.e., subjective and objective measures). Hence, compared

 with other studies that rely exclusively on a survey questionnaire for data collection, this particular study is less susceptible to common method

 variance (CMV) (Podsakoff et al. 2003). Nevertheless, the occurrence of CMV within survey data collected at the same point in time cannot
 be ruled out. The marker-variable technique, which allows researchers to estimate the extent of CMV from factor correlations (Lindell and

 Whitney 2001, Malhotra et al. 2006), was used to assess this potential problem. In particular, the smallest correlation among the variables
 measured at the same time was considered as a proxy for CMV, given the lack of a marker variable prepared explicitly beforehand. This

 approach would give us a rather conservative estimate because TPB factors are theorized to be correlated significantly. An inspection of the
 correlation matrix in each of the three samples indicated that the correlation inflated by CMV was not significant, and its magnitude was 0.10

 or less. These results are highly consistent with the finding of Malhotra et al. (2006) that in IS research the inflated correlation resulting from

 CMV is typically on the order of 0.10 or less. Taken together, it seems reasonable to argue that CMV did not significantly contaminate the

 results of this study.

 The power of statistical tests was examined in terms of fit and effect size. First, power for the test of not-close fit?the probability of rejecting

 the (false) null hypothesis that fit is mediocre (i.e., RMSEA > 0.10)?was assessed given the degrees of freedom, the sample size, and the
 observed fit. MacCallum et al. 's (1996) procedure was followed to calculate power for this test of not-close fit. The results indicated that with

 the 64 degrees of freedom associated with IFTU2, the power was 0.99 in Sample A (given the sample size of 195 and the RMSEA value of
 0.059), 1.00 in Sample (given the sample size of 160 and the RMSEA value of 0.042), and 0.39 in Sample C (given the sample size of 342
 and the RMSEA value of 0.090). Because of the marginal fit of the model (i.e., RMSEA = 0.09), power was relatively low in Sample C (i.e.,

 0.39); yet, in the other two samples, power was found to be more than adequate (i.e., > 0.99). Subsequently, power for the test of no effect?the

 probability of rejecting the (false) null hypothesis that effect size is 0?was examined given the number of predictors, the sample size, and the
 observed effect size. Dunlap et al.'s (2004) procedure, which is shown to be more reliable than the well-known method by Cohen (1988), was

 employed to calculate power for this test of no effect. The results showed that power values were 0.99 or higher for all BI and USE variables

 in each of the samples. Thus, power was considered to be excellent for the test of effect size. Overall, a series of power analyses indicated
 that sample sizes were sufficient for the model to reasonably detect false null hypotheses concerning fit and effect size.
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