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Trust in technology is an emerging research domain that examines trust in the technology artifact instead of
trust in people. Although previous research finds that trust in technology can predict important outcomes, little

research has examined the effect of unmet trust in technology expectations on trusting intentions. Furthermore,
both trust and expectation disconfirmation theories suggest that trust disconfirmation effects may be more complex
than the linear expectation disconfirmation model depicts. However, this complexity may only exist under certain
contextual conditions. The current study contributes to this literature by introducing a nonlinear expectation
disconfirmation theory model that extends understanding of trust-in-technology expectations and disconfirmation.
Not only does the model include both technology trust expectations and technology trusting intention, it also
introduces the concept of expectation maturity as a contextual factor. We collected data from three technology
usage contexts that differ in expectation maturity, which we operationalize as length of the introductory period.
We find that the situation, in terms of expectation maturity, consistently matters. Using polynomial regression and
response surface analyses, we find that in contexts with a longer introductory period (i.e., higher expectation
maturity), disconfirmation has a nonlinear relationship with trusting intention. When the introductory period is
shorter (i.e., expectation maturity is lower), disconfirmation has a linear relationship with trusting intention.
This unique set of empirical findings shows when it is valuable to use nonlinear modeling for understanding
technology trust disconfirmation. We conclude with implications for future research.
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1. Introduction
The trust literature explains that trust can be strength-
ened when expectations are met and harmed when
expectations are violated (Lewicki et al. 2006, Robin-
son 1996). However, little research has examined how
this works, especially regarding trust in technology.
Trust in technology refers to trust in the technology
artifact itself, such as online recommendation agents
(Wang and Benbasat 2005) and knowledge manage-
ment systems (Thatcher et al. 2011). Trust in technol-
ogy exists when a user depends on the technology
for an outcome, and the possibility exists that the
technology may not enable that outcome. Similar to

trust in people or organizations, trust in technology
encompasses (a) a willingness to depend on or be vul-
nerable to a specific technology (technology trusting
intention) and (b) expectations that the technology has
desirable attributes (technology trust expectations) (Gefen
et al. 2003, McKnight et al. 2011). Research finds trust in
technology can predict important information technol-
ogy (IT)-related outcomes such as e-loyalty (Carter et al.
2014), usefulness (Wang and Benbasat 2005), and inten-
tion to explore (Thatcher et al. 2011). However, very
little trust-in-technology research examines the effect
of unmet trust-in-technology expectations on trusting
intentions. Understanding these effects is important
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because unmet expectations can negatively influence IT
usage, which could undermine organizations’ attempts
to exploit IT (Bhattacherjee and Premkumar 2004).

Recognizing its importance, Venkatesh et al. (2011)
use an expectation disconfirmation theory (EDT) model
(Bhattacherjee and Premkumar 2004) to study technol-
ogy trust expectations. IT EDT research shows that
people develop satisfaction by first developing initial
expectations while starting to use the technology, and
then by comparing technology performance during a
subsequent usage period against initial expectations
(Bhattacherjee and Premkumar 2004). Using EDT to
study trust in technology is reasonable because the
trust literature describes how people build trust by
confirming or disconfirming prior expectations (Kim
and Tadisina 2007, Lewicki et al. 2006, Rousseau et al.
1998). EDT provides a theoretical basis for under-
standing expectations and disconfirmation (i.e., unmet
expectations).

Whereas a linear EDT model reveals an important
cognitive chain of events, other theories suggest dis-
confirmation may have nonlinear effects. Cognitive
dissonance theory posits that disconfirmation may
not be linear because any discrepancy—positive or
negative—can negatively impact outcomes (Festinger
1957). Also, prospect theory, which contends that peo-
ple focus on losses more than gains (Kahneman and
Tversky 1979), implies differential effects of positive
and negative disconfirmation on outcomes. Venkatesh
and Goyal (2010) find support for these theories using
polynomial models of IT usefulness and attitude discon-
firmation. Their nonlinear findings suggest researchers
should reconsider previous linear results and investi-
gate when nonlinear models are more appropriate.

Trust theory also suggests trust disconfirmation
effects may be nonlinear (Adobor 2005, Gambetta
2000, Jarvenpaa et al. 2004, Lewicki and Bunker 1995,
McEvily et al. 2003, Robinson et al. 2004), with similar
effects as those proposed by cognitive dissonance and
prospect theory. However, trust’s effects may be context-
or situation-dependent (Jarvenpaa et al. 2004),1 as
demonstrated by mixed research findings. For example,
Venkatesh and Goyal (2010) find polynomial effects
for usefulness disconfirmation, but Brown et al. (2008)
do not. Researchers acknowledge an infinite number
of situational features exist among contexts, and urge
scholars to ground context-related choices in theory
(Bamberger 2008, Hong et al. 2014). Although many sit-
uational factors could explain these differences, Oliver
(1976) claims and finds that nonlinear effects are more
likely when subjects have what he calls “stronger” or
more confident initial expectations. We address this by
proposing that nonlinear effects of technology trust

1 We use the terms “context” and “situation” and “contextual” and
“situational” interchangeably.

disconfirmation may exist only when initial expec-
tations are more mature. We define “more mature”
as being based on more first-hand experience with
the technology than reputational information or first
impressions. Information and experience make mature
expectations more confident, solid, and firm (McKnight
et al. 2004). Thus, expectation maturity may influence
when nonlinear effects of trust disconfirmation will
occur.

Overall, our research objective is to better understand
trust in technology’s nonlinear nature from an expecta-
tion disconfirmation perspective. Our first potential
contribution is to better understand when nonlinear
effects might occur. We do so by examining three
different IT contexts: graduate student use of Web-
development software (Joomla!), undergraduate student
use of presentation software (Prezi), and employee use
of customer relationship software (Salesforce.com; SF).
We argue that initial expectations will differ in matu-
rity among the contexts based on the length of the
introductory periods. These expectation maturity differ-
ences will produce varying polynomial results. We find
support for our hypotheses, suggesting that situational
factors are important in studying trust disconfirmation.

Our second potential contribution is in applying
Venkatesh and Goyal’s (2010) EDT polynomial model
to technology trust. Based on trust theory, EDT, and
polynomial modeling, our model focuses on how initial
technology trust expectations and modified technology
beliefs affect technology trusting intention. We also
conceptualize technology expectations and modified
beliefs with three technology-related trust attributes.
We present unique empirical findings using polynomial
modeling and response surface techniques. This is a
nontrivial advancement to research because it applies
theory to fill a gap at the intersection of EDT, trust in
technology, and polynomial modeling.

2. A Nonlinear Expectation
Disconfirmation Process: Research
Model and Hypotheses

EDT researchers find nonlinear effects that coincide
with both cognitive dissonance and prospect theo-
ries (Anderson and Sullivan 1993, Brown et al. 2012,
Cheung and Lee 2009, Lankton and McKnight 2012,
Venkatesh and Goyal 2010; for a literature review,
see Online Appendix A (available as supplemental
material at http://dx.doi.org/10.1287/isre.2015.0611)).
Some researchers have also used polynomial modeling
and response surface analysis to better understand
these expectation disconfirmation nonlinear effects
(Brown et al. 2008, 2012; Venkatesh and Goyal 2010).
This approach models the expectation disconfirmation
process with the regression equation

Z = b0 + b1X + b2Y + b3X
2
+ b4XY + b5Y

2
+ e1 (1)
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where X equals postusage or modified beliefs, Y is
preusage beliefs, and Z is outcomes.

Polynomial modeling may be especially important for
trust because the extent literature has posited nonlinear
effects. For example, Jarvenpaa et al. (2004, p. 262) find
trust effects are “not necessarily direct and linear.”

Our research model combines EDT, trust theory, and
polynomial modeling. It examines the polynomial regres-
sion model in Equation (1), where X equals postusage
modified technology trust beliefs, Y equals preusage
technology trust expectations, and Z equals trusting
intention. We posit that people have an overall technol-
ogy trusting expectation that is composed of separate,
yet related, expectations about the software’s function-
ality, reliability, and helpfulness (McKnight et al. 2011,
Thatcher et al. 2011). Online Appendix B grounds these
technology trust dimensions in the trust literature and
justifies and defines them. As prescribed for EDT studies
(Bhattacherjee and Premkumar 2004), we use the same
three attributes for modified technology trust beliefs,
which represent one’s beliefs about these attributes after
using the technology.

Our model also incorporates technology trusting
intention as the dependent variable (Equation (1)).
Whereas trust beliefs are considered trust’s cognitive
component, trusting intention indicates a willingness
and commitment to depend on the trustee (Benamati
et al. 2010). With trusting intention, one makes a con-
scious choice to put aside doubts and move forward
with the relationship (Holmes 1991). Being willing to
depend on the trustee (i.e., the technology) means one
has a volitional preparedness to make oneself vulnera-
ble and engage in trusting behaviors (i.e., continued
system use; Mayer et al. 1995). We include trusting
intention in our research model to better reflect the
nomological relationship between the cognitive and
behavioral trust components. That technology trust
beliefs influence trusting intention is a basic tenet of
both trust theory (Mayer et al. 1995) and the theory of
reasoned action.

2.1. Hypotheses Development
We use EDT, trust theory, cognitive dissonance theory,
and prospect theory to guide the hypotheses develop-
ment (summarized in Online Appendix C). EDT is the
underlying theory. It proposes that as disconfirmation
becomes more negative, trusting intention decreases
(H1A and H1B), and as disconfirmation becomes more
positive, trusting intention increases (H2B). We use
cognitive dissonance theory, prospect theory, and some
additional EDT propositions to support trust’s nonlin-
ear effects including the negative effects of positive
disconfirmation (H2A), asymmetry between negative
and positive disconfirmation effects (H3A and H3B),
and disconfirmation’s increasing effects (H4). We also
use EDT research to support differences based on

expectation maturity (H2A and H2B). Most importantly,
because trust is this paper’s focus, we discuss how
trust theory supports each hypothesis.

EDT’s basic premise is that individuals form initial
expectations of performance, and after experience, they
compare perceived performance with these expecta-
tions. This comparison is known as disconfirmation.
EDT predicts that as disconfirmation becomes more
positive (i.e., performance is better than expected),
individuals will feel more pleasure, and outcomes
like satisfaction and intention will increase. Also, as
disconfirmation becomes more negative (i.e., perfor-
mance is worse than expected), individuals will feel bad,
and these outcomes will decrease (Oliver 1980, Spreng
and Page 2003). IT EDT research shows general sup-
port for this linear relationship (e.g., Bhattacherjee and
Premkumar 2004). However, polynomial EDT research
challenges this linear-based assumption. Because poly-
nomial modeling separates disconfirmation into its
theoretical components—expectations and performance
(i.e., modified beliefs)—we can test hypotheses about
differential and curvilinear effects.

To do so, we use the maturity of initial technology
trust expectations to differentiate how disconfirmation
will affect trusting intention. We define more mature ini-
tial expectations as initial expectations that are formed
based on more experience with the trustee, and as such
feel more confident and firm. This is consistent with
trust research that describes two stages of initial trust
expectations, introductory and exploratory (McKnight
et al. 2004). In the introductory stage, initial trust
expectations are formed based on little or no credible,
first-hand information about the trustee—only second-
hand information about the trustee’s reputation. Once
the trustor begins interacting with the trustee and gains
some credible, first-hand information about the trustee,
more confident or experiential expectations can be
formed. These expectations are more mature than those
in the introductory stage because they are based more
on first-hand rather than second-hand impressions
(McKnight et al. 2004). People rely more on first-hand
experience than second-hand information (Karahanna
et al. 1999). Trust researchers also distinguish between
fragile and robust trust. Fragile trust expectations are
trust beliefs that (a) are formed before the trustor
has much experience with the trustee (McKnight et al.
2011), (b) presume that the parties do not yet have
credible, meaningful, bonding information about each
other (McKnight et al. 1998), and (c) can be inaccurate
(Robert et al. 2009). Robust expectations form from
repeated transactions so the trustor knows the other
party well enough to predict their behavior (Lewicki
and Bunker 1995). Trustors have more confidence in
these expectations because interpersonal cues from
direct experiences are harder to misconstrue (McKnight
et al. 1998). Expectations based on experience enable
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Figure 1 (Color online) Hypotheses Depicted as Two-Dimensional Graphs
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one to commit to a trusting relationship (Zhang and
Zhang 2005).

Initial expectation maturity has also been identified as
a moderating influence on disconfirmation’s nonlinear
effects (Oliver 1976). Marketing studies show that
more mature expectations (referred to by Oliver 1976,
p. 247, as “strong expectations,” meaning firm or
having a basis in something, such as experience) are
associated with factors like involvement, commitment,
and interest that may increase with experience (Oliver
1976, Terry and Lindsay 1974, Weaver and Brickman
1974). Furthermore, Carlsmith and Aronson (1963) used
training to induce more mature expectations in testing
disconfirmation’s nonlinear effects. Based on this, we
consider how the maturity of initial trust expectations
will affect the three polynomial hypotheses. Figure 1
depicts these hypotheses in two dimensions, with the
x-axis representing disconfirmation and the y-axis
representing trusting intention.

2.1.1. Negative Disconfirmation’s Influence on
Trusting Intention (H1A and H1B; Figure 1, Row 1).
Consistent with EDT, trust theory predicts that negative
technology trust disconfirmation will have a negative
influence on trusting intention. McEvily et al. (2003)

discuss that when perceived trustee actions are below
expectations (negative disconfirmation), the trustor
will be disappointed, may perceive the trustee is acting
opportunistically, and should reduce trustor willing-
ness to depend on the trustee in the future. Other
trust researchers describe how within employee-to-
organization relationships, negative disconfirmation
causes employees to be frustrated and can lead to
increased turnover (Lamsa and Pucetaite 2006). Some
researchers suggest that negative trust disconfirma-
tion may lead to lower trusting intention because it
can make relationships untenable and costly to repair
(McEvily et al. 2003). Furthermore, Venkatesh et al.
(2011) find that as technology trust disconfirmation
becomes more negative, attitudes toward e-commerce
website use worsens. This may be because users become
disappointed when it seems less trustworthy than
expected.

We predict negative disconfirmation will have a
negative effect on trusting intention, regardless of the
maturity of initial trust expectations (Figure 1, row 1,
columns 1 and 2). Lewicki and Bunker (1995) describe
how negatively disconfirmed trust expectations lead
to lower trusting intentions regardless of the stage of
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trust. Initially, when trust is calculus-based (an early
trust form based on comparing costs and benefits of
sustaining a relationship versus severing it), negative
trust disconfirmation can cause a trustor to end the
relationship because in this early stage the trustor
will be sensitive and careful about taking relation-
ship risks. In the experiential knowledge-based stage
of trust, negative disconfirmation can be unsettling
to the trustor, which could destabilize trust. In the
identification-based trust stage, negative disconfirma-
tion can disturb underlying values, causing a sense of
moral violation from which parties might not recover
(Lewicki and Bunker 1995). Hence, we predict nega-
tively disconfirmed trust beliefs make a trustor less
willing to depend on the other party, regardless of the
maturity of initial expectations.

Hypothesis 1 (H1A). In contexts in which initial tech-
nology trust expectations are more mature, negative technol-
ogy trust disconfirmation will negatively influence trusting
intention.

Hypothesis 1 (H1B). In contexts in which initial tech-
nology trust expectations are less mature, negative technology
trust disconfirmation will negatively influence trusting
intention.

2.1.2. Positive Disconfirmation’s Influence on
Trusting Intention (H2A and H2B; Figure 1, Row 1).
Despite EDT’s prediction that as disconfirmation be-
comes more positive it will have positive effects on out-
comes, some researchers posit that affective judgments
following either positive or negative disconfirmation
are an inverse function of the absolute degree of per-
ceived disconfirmation (Aronson and Carlsmith 1962,
Carlsmith and Aronson 1963, Oliver 1976). In other
words, both positive and negative disconfirmation can
have negative effects on outcomes. These effects are
based on cognitive dissonance theory’s tenet that if
people firmly expect an event and it does not occur,
they will experience dissonance because their expec-
tation that the event will occur is dissonant with the
cognition that the event did not occur (Carlsmith and
Aronson 1963, Festinger 1957). Any discrepancy will
negatively affect outcomes.

The psychological contracts and IT literatures find
negative effects of both positive and negative disconfir-
mation. For example, Lambert et al. (2003) theorize
employees who receive less than they expected (i.e.,
a negative discrepancy) are dissatisfied because of
unmet needs. Employees who receive more than they
expected (i.e., a positive discrepancy) are dissatisfied
because excess levels interfere with need fulfillment.
For example, in one study, employees who received less
task variety than expected (negative disconfirmation)
were dissatisfied because they were bored. Employees
who received more task variety than expected (positive

disconfirmation) were dissatisfied because it inter-
fered with other responsibilities (Lambert et al. 2003).
Venkatesh and Goyal (2010) also find that both positive
and negative usefulness and attitude disconfirmation
have negative effects on IT continuance intention. They
reason that when users have positive disconfirmation,
they still might focus on their lower initial expectations,
or what the system does not do rather than what it
does. This may have negative effects on their usage
continuance intentions.

Trust theory predicts that positive disconfirmation
may have positive or negative effects on trusting inten-
tion. Positive disconfirmation could increase trusting
intention because a trustor may want to create equi-
librium between expectations and performance by
trusting more (McEvily et al. 2003). Researchers discuss
how trust builds over time as initial trust expectations
are positively disconfirmed, implying that positive
disconfirmation increases trusting intention (Lewicki
et al. 2006). However, trust theory also predicts nega-
tive effects of positive disconfirmation. In regard to
positive disconfirmation, there is an opportunity cost
to the trustor of unutilized latent trustworthiness. In
this situation, a “self-fulfilling prophecy” may occur,
causing trust and trust-related behaviors to continue to
decrease; that is, if one does not trust another party
that is indeed trustworthy, the other party may realize
this, and in turn become unmotivated and untrust-
worthy, causing one’s trust in them to decline further
and creating a vicious cycle of lower trust and lower
trust behaviors (Ghoshal and Moran 1996, McEvily
et al. 2003). Positive disconfirmation can also decrease
trusting intention because the trustor might believe the
trustee is naïve or foolish for trusting so much (i.e., has
insufficient sociocultural knowledge and/or believes
that people are always motivated to behave responsi-
bly when they are considered capable of responsible
acts), which can make the trustor cynical and even less
likely to rely on the trustee in the future (Lamsa and
Pucetaite 2006). Finally, positive disconfirmation can
lead a trustor to be suspicious of the trustee, which
can make the trustor more likely to view another’s
behaviors and motives negatively, despite evidence
to the contrary (Gambetta 2000). This can decrease
trusting intention.

In marketing, customer satisfaction researchers find
that positive disconfirmation has a negative effect when
individuals have more mature expectations (Carlsmith
and Aronson 1963, Oliver 1976, Terry and Lindsay 1974,
Weaver and Brickman 1974). We predict that when
technology trust expectations are more mature, positive
disconfirmation will have a negative effect on trusting
intention (Figure 1, row 1, column 1). Users with mature
expectations will feel more dissonance because they
had more confidence that their initial prediction was
accurate. The discrepancy will seem more stressful,
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and the user may not be as convinced that the higher
performance will persist. In a technology trust context,
experienced users may find that the technology had
more trustworthy attributes than expected (e.g., more
functionality than expected), but may still not take
advantage of this functionality and depend on the
technology for future tasks because they feel bad about
being wrong in what they felt was a well-informed
prediction. Because, based on first-hand experience,
they had more confidence in their technology trust
expectations, better than expected performance may
make them wary. Based on these theoretical arguments
and findings we predict the following:

Hypothesis 2 (H2A). In contexts in which initial tech-
nology trust expectations are more mature, positive trust
disconfirmation will negatively influence trusting intention.

By contrast, we predict that when initial technology
trust expectations are less mature, positive disconfirma-
tion will have a positive effect on trusting intention
(Figure 1, row 1, column 2). Individuals will feel less
confident in their initial expectations because they were
not based on much direct experience (Carlsmith and
Aronson 1963, Oliver 1976). As such, users will find
the technology’s better-than-expected performance as
a pleasant surprise, and will not be uncomfortable
with the positive technology trust discrepancy (Brown
et al. 2008, Oliver 1976). The notion of positive discon-
firmation resulting in a pleasant feeling and thereby
increasing satisfaction is consistent with contrast theory
(Oliver and DeSarbo 1988, Yi 1990). Users will be more
likely to focus on the positive experience rather than on
their prediction error, making their trusting intention
increase. For example, when first being introduced
to a technology, users may not comprehend all of its
functionality because they lack in-depth experience.
Expectations they form about the system’s functionality
may be lower than warranted. If later experience with
the technology shows their initial trust expectations
were too low (functionality was greater than expected),
this discrepancy will be a pleasant surprise because
they know they were not familiar enough with the
functionality to predict accurately. In turn, they will
be more willing to depend on the higher functioning
system.

Hypothesis 2 (H2B). In contexts in which initial tech-
nology trust expectations are less mature, positive trust
disconfirmation will positively influence trusting intention.

2.1.3. Asymmetric Effects of Positive and Negative
Disconfirmation (H3A and H3B; Figure 1, Row 2). We
also propose that negative and positive disconfirmation
will have asymmetric effects such that negative discon-
firmation will have greater effects on trusting intention
than will positive disconfirmation. This means one unit
of negative disconfirmation will have a greater effect

on the dependent variable than one unit of positive dis-
confirmation (Lankton and McKnight 2012). Theoretical
support for an asymmetric effect comes from research
that proposes stronger effects of negative events than
positive events. For example, prospect theory claims
the disutility caused by losses is greater than the utility
caused by equivalent gains (Kahneman and Tversky
1979). Furthermore, the general psychological principle
that “bad is stronger than good” posits individuals
will react more strongly to bad things as an adaptive
response to their environment (Baumeister et al. 2001,
p. 323). For example, not reacting to something good
may only produce minor regret, whereas not react-
ing to something bad may have dire consequences
(Baumeister et al. 2001). Finally, EDT studies show that
disconfirmation has asymmetric relationships with out-
comes such that negative disconfirmation has stronger
effects on outcomes than does positive disconfirmation
(e.g., Anderson and Sullivan 1993, Brown et al. 2012,
Lankton and McKnight 2012, Venkatesh and Goyal
2010). They explain that positive disconfirmation may
involve some pleasure (Oliver 1980), which can some-
what soften or mitigate its negative dissonance effects.
The dissonance or stress caused by getting too much of
a good thing is lower than the stress caused by not
getting what is expected.

Trust theory supports this asymmetric effect when
positive disconfirmation’s influence is negative (as in
more mature expectation contexts). For example, as we
explained in §2.1.1, employees with negative disconfir-
mation may be frustrated and demoralized, and thus
turnover may increase and competitiveness may be lost
(Lamsa and Pucetaite 2006). However, employees with
positive disconfirmation may think the organization
naïve or foolish for trusting too much, and they may
form a cynical attitude toward it (Lamsa and Pucetaite
2006). Employees may react negatively because they
were confident the organization would not be as trust-
worthy. Comparatively speaking, the negative effects of
negative disconfirmation seem worse than the negative
effects of positive disconfirmation. Kim et al. (2004,
p. 105) also discuss how negative trust disconfirmation
invalidates the “trustworthy until proven otherwise”
assumption, causing trust to decrease possibly below
the initial trust level. Mistrusted parties must not only
reestablish positive expectations but also overcome
negative expectations. Also, information about the
violation may remain particularly salient, reinforcing
negative performance despite efforts by the mistrusted
party to demonstrate trustworthiness. These situations
suggest that negative disconfirmation effects may be
stronger than those of positive disconfirmation.

As argued for H2A above, individuals with more
mature initial expectations who have positive technol-
ogy trust disconfirmation may be guarded and perhaps
doubtful that the technology will be as reliable, helpful,
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or have needed functionality (i.e., be as trustworthy) in
the future. This is because they were more confident
that their initial expectations were accurate. Although
such doubt could cause trusting intention to decrease,
there could be some offsetting pleasant feelings or
at least some relief that the system is trustworthy
enough to complete one’s tasks. For this reason, trust-
ing intention will not decrease as much with positive
disconfirmation as with negative disconfirmation. If
the technology is found to be less trustworthy than
expected, the task could be harder to complete. One
could be thwarted from completing the task altogether.
This type of trust violation could not only make trust
decrease, it could very well make one not want to
depend on the technology at all. This is a much worse
outcome than that for positive disconfirmation.

Hypothesis 3 (H3A). In contexts in which initial tech-
nology trust expectations are more mature, the decrease in
trusting intention associated with positive disconfirmation
will be significantly smaller than the decrease in trusting
intention associated with negative disconfirmation.

Support also exists for an asymmetric effect when
initial expectations are less mature—i.e., where positive
disconfirmation is predicted to have a positive effect
on trusting intention (Figure 1, column 2, row 2). For
example, early trust theorists describe trusting behavior
as a situation in which the disutility one suffers if the
other abuses one’s vulnerability is perceived as greater
than the utility one gains if the other does not abuse that
vulnerability (Deutsch 1973, Zand 1972). This implies
the downsides (negative disconfirmation) of trust are
greater than the upsides (trust confirmation or positive
disconfirmation). Also, trust researchers discuss how the
buildup of trust from positive disconfirmation is slower
and the decrease in trust from negative disconfirmation
is more rapid (e.g., Lewicki and Bunker 1995).

We believe that even in conditions of less mature
initial expectations positive disconfirmation will still
have smaller absolute effects than negative disconfir-
mation. Again, this is supported by prospect theory
(Kahneman and Tversky 1979) and much subsequent
work showing negative reactions are more influential
than positive ones (e.g., in movie reviews; Chakravarty
et al. 2010). A user with little knowledge about the sys-
tem will have formed less mature initial expectations,
and because of this might be pleasantly surprised that
the system has better than expected trustworthiness.
Although pleasant, this positive disconfirmation will
not evoke as much reaction as negative disconfirmation
because some level of trust is needed to depend on
the technology to complete a task. If the technology is
perceived to be untrustworthy, one may not be able to
depend on the system at all. Thus, negative reactions
will be more severe. We predict the following:

Hypothesis 3 (H3B). In contexts in which initial tech-
nology trust expectations are less mature, the increase in

trusting intention associated with positive disconfirmation
will be significantly smaller than the decrease in trusting
intention associated with negative disconfirmation.

2.1.4. Curvilinear Effects (H4; Figure 1, Row 3).
We also predict that when initial expectations are more
mature, positive and negative trust disconfirmation
will have increasingly negative effects on trusting inten-
tion, resulting in a curvilinear relationship (Figure 1,
row 3, column 1). As disconfirmation increases, there is
greater psychological discomfort (dissonance) because
the inconsistency among a person’s beliefs, attitudes,
and/or actions increases, making the negative effects
on outcome variables increasingly stronger (Venkatesh
and Goyal 2010). This effect is grounded in theory that
explains there are increasing levels of “unexpected-
ness” (Oliver 1989). A normal range exists in which
expectations can be exceeded such that the experience
is perceived to be gratifying or disappointing, but not
surprisingly so. Outside the normal range, the level
of performance is surprisingly positive or negative
(Oliver 1989, 1997). Surprises almost always evoke
emotional responses (Berscheid 1983), and the more
surprising, the more evocative. This suggests that dis-
confirmation can have increasing effects on outcomes.
The zone of tolerance from service quality research also
supports increasing sensitivity, as it proposes relatively
flat satisfaction for certain service performance with
sharp increases (decreases) for very high (low) perfor-
mance (Kettinger and Lee 2005, Mittal et al. 1998). The
deleterious effects of increasing positive and negative
disconfirmation on outcomes have been demonstrated
in other contexts (e.g., Hornstein and Houston 1976,
Lambert et al. 2003, Venkatesh and Goyal 2010). To our
knowledge, it has not been shown for technology trust
disconfirmation.

Trust theory suggests that the negative effects of
technology trust disconfirmation will show increasing
sensitivity on trusting intention. Robinson et al. (2004)
explain that the greater the discrepancy or contrast
between initial trust and less-than-trustworthy perfor-
mance by an organization, the more taken advantage of
and exploited an employee will feel. The employee will
in turn act with much stronger negative emotions of hurt
or anger. They may also remember the disconfirmation
longer. The impact of a trust violation will be less severe
and may not evoke the emotions that a larger discrep-
ancy would with lower initial trust (less discrepancy)
(Robinson et al. 2004). Also, trust researchers find that as
positive trust-like attributes increase, trust decreases at
an increasing or more rapid rate, possibly because the
trustor becomes increasingly suspicious of the other’s
motives, and perceives the trustee’s actions as being too
unrealistic (Vlachos et al. 2011).

We predict that the increasing effect of positive and
negative disconfirmation will occur when initial expec-
tations are more mature because the disappointment
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or discrepancy will be more emotional. Individuals
with stronger initial expectations have more confidence
in their expectations and will be especially surprised
and dismayed when disconfirmation occurs. Users
will become increasingly sensitive to the cognitive
dissonance felt when technology trust performance
exceeds or falls below initial expectations. For exam-
ple, users’ feelings of anger and hurt may become
increasingly stronger if the technology does not live up
to its expected trustworthiness. Likewise, as positive
disconfirmation increases, one’s perception that the
technology’s trustworthiness is surprisingly better than
expected may cause increasingly high suspicion and
wariness because it will seem “too good to be true.”
Also, excess technology trustworthiness could also
impose increasingly greater user stress. These condi-
tions will cause negative/positive technology trust
disconfirmation to have increasingly stronger negative
effects on trusting intention.

Hypothesis 4 (H4). In contexts in which initial expec-
tations are more mature, trusting intention will decrease
at a faster rate as negative and positive technology trust
disconfirmation increase.

We do not propose a hypothesis for curvilinear
effects for contexts in which initial technology trust
expectations are less mature (Figure 1, row 3, column 2).
The theoretical foundation is not strong enough to posit
specific hypotheses—for example, whether positive dis-
confirmation will increase or decrease at an increasing
rate or remain linear. Although we do not develop a
specific hypothesis, we test for curvilinearities in this
context, which in turn can provide opportunities for
future research to theorize and more rigorously test
the relationship (Agustin and Singh 2005).

3. Methodology
We test the research model using data from three
usage contexts, each over two time periods. One con-
text involves MBA students using Web development
software (Joomla!). Another involves undergraduate
students using an online presentation solution (Prezi).
The other involves organizational employees using a
new customer relationship management system (Sales-
force.com). All three technologies are cloud based and
are accessed primarily through a Web browser. We
selected the three contexts based on theoretical sam-
pling (Strauss and Corbin 1990) and case replication
sampling (Yin 1989). Although the cases do not answer
everything about our research questions, they provide
a good start by allowing contrasts between the settings
that enable us to test our situational theory and also to
eliminate one plausible alternative to our findings.

Theoretical sampling is selection “on the basis of
concepts that have proven theoretical relevance to the
evolving theory” (Strauss and Corbin 1990, p. 176). We
use the part of Strauss and Corbin’s (1990) method

about selecting contrasting cases to test theory about
their differences. We select SF as a mature expectation
case based on the longer introductory period, and by
contrast we select Prezi and Joomla! as less mature
expectation cases based on the shorter introductory
periods. Presurvey introductions to the focal technology
are common practice in prior IT EDT research (Bhat-
tacherjee and Premkumar 2004). Longer introductions
can give respondents more experience and information
to enable them to form better-informed, more confident
first-hand impressions of the technology. SF respon-
dents had a three-month introductory period in which
users participated in multiple online webinars, Joomla!
had a 50-minute (one class session) introduction, and
Prezi respondents had a 20-minute online introduction.
Although comprehensive software like SF would natu-
rally require a longer introduction, the considerably
different introductory time periods could result in SF
respondents feeling they have more experience with
the technology, and hence have more confident and
mature initial technology trust expectations. To validate
that SF respondents had more experience than the
Prezi and Joomla! respondents, we asked respondents
about their experience after the introductory period at
the time expectations were measured.

We also select both Prezi and Joomla! as less mature
expectation cases for replication purposes. Yin (1989,
p. 53) suggests multiple cases be selected to replicate
tests when one is expecting the same results from both
cases, strengthening a test. Even though the Prezi and
Joomla! contexts differ, we expect the same results
based on our maturity context theory because they
have similar, short introductory periods compared
to SF.

Trust is important in all three contexts because the
applications are cloud based, creating environmental
uncertainties (e.g., poor Internet connections, unavail-
ability, information privacy issues). The technologies
can be unreliable, unhelpful, or have less than needed
functionality, which can cause employees to feel unpro-
ductive and students to feel vulnerable because of
grade or class risk. In fact, during the Prezi data collec-
tion, the system was down for a while, which caused
student anxiety about their assignment. Furthermore,
low reliability, functionality, and helpfulness for SF
could cause economic losses. The employees and stu-
dents deal with these uncertainties and risks as they
trust and use the technology.

In each study, we administered two questionnaires,
three weeks apart. Online Appendix D describes the
procedures, the questionnaire items, and the validity
tests for the maturity contexts.

4. Data Analysis and Results
We followed the between-group SEM (structural equa-
tion modeling) analysis guidelines of Qureshi and
Compeau (2009) to choose the appropriate testing
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technique. Because we were looking for medium effect
sizes based on our power analysis and had complex
arrangements of second-order factors, we used the
PLS (partial least squares)-based SEM product XLStat
(versions 2012.1 and 2014). XLStat can handle complex
SEM-PLS models and polynomial regressions. It also
uses current methods to perform group analyses and
permutation tests (Chin and Dibbern 2010).

We first analyzed the measurement models for each
data set. All measurement model results showed ade-
quate construct validity, as reported in Online Appen-
dix E. Next we analyzed how many respondents had
a discrepancy (positive or negative disconfirmation)
between expectations and modified technology trust
beliefs. We standardized the scores for each variable
and counted a standardized score on each variable
that is half a standard deviation above or below the
standardized score on the variable as having a dis-
crepancy (Fleenor et al. 1996). Over half of the sample
in all three usage contexts has a discrepancy (Online
Appendix F, Table 1). This verifies the practicality of
exploring the discrepancies (Shanock et al. 2010).

Next, we used polynomial modeling and response
surface analysis to investigate whether technology trust
beliefs have nonlinear effects on trusting intentions.
We followed the procedure of Edwards (2002) and
Venkatesh and Goyal (2010). First, we ran exploratory,
unconstrained linear regression equations with the

Figure 2 (Color online) Joomla!: Technology Trust—Trusting Intention
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Note. A, End point of negative disconfirmation; B, end point of positive disconfirmation; C, end point of positive confirmation; D, end point of negative confirmation.

preusage and postusage variables, as independent vari-
ables and technology trusting intention as the dependent
variable. In all three linear regressions, the postusage
modified technology trust beliefs (TTMB25 significantly
explain trusting intention (all p < 00001), whereas the
preusage technology trust expectations (TTE15 have no
effect (all p > 0005; Online Appendix F, Table 2).

Then we ran exploratory, polynomial models with
the pre- and postusage variables and the quadratic
and interaction terms (Online Appendix F, Table 2).
The postusage modified technology trust belief effects
remain significant at p < 00001 in all three models.
Also, we find a significant coefficient for the preusage
technology trust expectation-squared term 4�= −0008,
p < 00055 in the Prezi model. We find a significant
coefficient for the postusage modified technology trust
belief-squared term 4�= −0016, p < 00015 and for the
interaction term 4�= 0031, p < 000015 in the SF model.
Our F -tests show that the variances explained (R2s) of
all three polynomial models are significantly higher
4p < 000015 than the variances explained of the linear
models, rejecting the linear models in favor of the three
polynomial models (Edwards 1994, 2002; Edwards and
Parry 1993).

Finally, we plotted the response surfaces for the poly-
nomial models to interpret the results (Figures 2–4).
Response surface graphs are created using the coeffi-
cients from the polynomial equations. Each graph has
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Figure 3 (Color online) Prezi: Technology Trust—Trusting Intention
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Note. A, End point of negative disconfirmation; B, end point of positive disconfirmation; C, end point of positive confirmation; D, end point of negative confirmation.

Figure 4 (Color online) Salesforce.com: Technology Trust—Trusting Intention
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Table 1 Hypothesis Test Results

More mature expectations Less mature expectations

Supported Supported Supported
Hypotheses SF results yes/no Hypotheses Joomla! results yes/no Prezi results yes/no

H1A and H2A Test: p21

is significantly
different from 0 and
not significantly
different from −1

p21 = −0080∗∗ Yes H1B and H2B Test: a3

is significant and
positive, and a4 is
not significant

a3 = 00593∗∗∗

a4 = 0000, ns
Yes a3 = 00677∗∗∗

a4 = −0015, ns
Yes

H3a Test:
�anegative disconfirmation�>

�apositive disconfirmation�

Difference = 0.74∗ Yes H3B Test:
�anegative disconfirmation�>

�apositive disconfirmation�

Difference =

−0002, ns
No Difference =

0090, ns
No

H4: Test: a4 is
significant and
negative

a4 = −0057∗∗ Yes; curvature
found

No hypothesis a4 = 0000, ns No curva-
ture
found

a4 = −0015, ns No curvature
found

Note. Formulas: p21 = 4b5 −b3 − sqrt44b3 −b55
2 +b2

4 55/b4, the slope of the second principal axis; a1 = b1 +b2, the linear slope of the Y = X line; a2 = b3 +b4 +b5,
the quadratic slope of the Y = X line; a3 = b1 − b2, the linear slope of the Y = −X line; a4 = b3 − b4 + b5, the quadratic slope of the Y = −X line;
anegative disconfirmation = 64b0 + 44b1 − b25× 4−355+ 44b3 − b4 + b55× 4−32555− 4b0 + 44b1 − b25× 4055+ 44b3 − b4 + b55× 4025557/4−3 − 05, the linear slope of the
negative disconfirmation line; apositive disconfirmation = 64b0 + 44b1 − b25× 4055+ 44b3 − b4 + b55× 402555− 4b0 + 44b1 − b25× 4355+ 44b3 − b4 + b55× 4325557/40 − 35, the
linear slope of the positive disconfirmation line, where b1 is the coefficient for modified technology trust beliefs, b2 is the coefficient for technology trust
expectations, b3 is the coefficient for modified technology trust beliefs squared, b4 is the coefficient for interaction term, and b5 is the coefficient for technology
trust expectations squared.

∗Means significantly different from 0 at p < 0010; ∗∗means significantly different from 0 at p < 0005; ∗∗∗means significantly different from 0 at p < 0001.

three main features: a stationary point (the point where
the surface is flat; X0, Y0), two principal axes (axes that
describe the orientation of the surface in the X1Y plane;
the first principal axis, Y = p10 + p11X, and the second
principal axis, Y = p20 + p21X), and the surface’s shape
along lines in the X1Y plane (the Y =X or confirmation
line, where the pre- and postexposure beliefs are equal,
and the Y = −X or disconfirmation line, where pre-
and postusage beliefs are different; see Edwards 1994,
2002; Edwards and Parry 1993 for a full discussion of
these features). Together these features help explain the
response surface. We present these features in Online
Appendix F, Tables 3 and 4.

The hypothesis tests and test results are shown in
Table 1. Hypotheses 1A and 2A taken together predict
that both positive and negative disconfirmation will
have a negative impact on trusting intention for the
more mature initial technology trust expectation con-
text (SF). These hypotheses are supported if the second
principal axis has a negative slope (Venkatesh and
Goyal 2010); i.e., if the slope of the second principal
axis (p21) is significantly different from 0 and not signifi-
cantly different from −1. We find support for H1A and
H2A for SF (Table 1, row 1) because p21 is significantly
different from 0 and not significantly different from −1.
In support of SF passing this test, Figure 4 shows that
points A and B each have a significant downward
slope extending away from the Y =X line.

In a more mature context (SF), H3A predicts negative
disconfirmation will have a stronger negative effect on
trusting intention when compared to the negative effect
that positive disconfirmation will have. Hypothesis 3A
is supported (Table 1, row 2) because the absolute
value of the linear slope of negative disconfirmation,

�anegative disconfirmation�420075, is significantly greater 4p <
00055 than the absolute value of the linear slope of pos-
itive disconfirmation, �apositive disconfirmation�410335 (Brown
et al. 2012; Table 1). The slope of the negative discon-
firmation line is seen in Figure 4 as the line from the
response surface midpoint to point A. The slope of the
positive disconfirmation line is seen as the response
surface midpoint to point B. In support of the hypoth-
esis, Figure 4 shows that trusting intention is lower
in the graph’s left corner (point A) than in the right
corner (point B), indicating negative disconfirmation
has a steeper slope than positive disconfirmation.

Finally, H4 is supported if a4 (the quadratic slope
or curvature of the Y = −X line) is significant and
negative for the more mature expectation context
(SF) (Shanock et al. 2010, Venkatesh and Goyal 2010).
We find support for H4 for SF (Table 1, row 3), in
that a4 = −0057 (p < 0005). For SF trusting intention
(Figure 4), this means not only is there a downward
sloping surface along the disconfirmation axis (i.e.,
the surface slopes downward on either side of the
Y =X line), per H1A and H2A, but also (per H4) that
trusting intention decreases more sharply as the degree
of discrepancy increases for both positive and negative
technology trust disconfirmation—i.e., as the Y = −X
line approaches points A and B.

For the less mature initial technology trust expecta-
tion contexts (Joomla! and Prezi), H1B and H2B predict
that negative disconfirmation will have a negative
effect on trusting intention, whereas positive disconfir-
mation will have a positive effect. Taken together, these
hypotheses predict that as disconfirmation becomes
more positive, trusting intention will increase. These
hypotheses are supported if the linear slope of the
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Y = −X line (a35 is significant and positive and the
quadratic slope of the Y = −X4a45 line is not signifi-
cant. The results for both Joomla! 4a3 = 0059, p < 0001;
a4 = 0000, ns) and Prezi 4a3 = 0067, p < 0001; a4 = −0015,
ns) support these hypotheses (Table 1, row 1, “less
mature” columns). Negative disconfirmation has a
negative effect on trusting intention, and positive dis-
confirmation has a positive effect. As further evidence
for this effect, for Joomla!, p21 = 10670, and for Prezi,
p21 = −20529, which are both significantly different
from 0 and −1. This means a nonlinear effect is not
supported.

Again for the less mature technology contexts
(Joomla! and Prezi), H3B predicts that negative technol-
ogy trust disconfirmation will have a stronger negative
effect on trusting intention compared to the positive
effect that positive disconfirmation will have. Similar to
H3A, this hypothesis is also supported if the absolute
value of anegative disconfirmation is significantly greater than
the absolute value of apositive disconfirmation (Brown et al.
2012). We find that H3B is not supported because
neither Joomla! 4−0002, ns) nor Prezi (0.90, ns) shows
a significant difference between these linear slopes
for negative and positive disconfirmation (Table 1).
Figures 2 and 3 show this visually. The slopes going
up from the response surface midpoint to point B are
not significantly less than those going down from the
midpoint to point A.

Although we did not hypothesize any curved dis-
confirmation (Y = −X) line for less mature contexts,
Table 1, row 3, reports results that correspond to H4.
The a4 quadratic slope or curvature of the Y = −X line
is not significant for either Joomla! or Prezi, which
shows there is no support for curved disconfirmation
for the less mature context.

5. Discussion, Implications, Limitations,
and Future Research Directions

This research uses EDT, polynomial modeling, and
trust theory to examine unmet trust-in-technology
expectations. This Research Note makes two primary
contributions that relate to the theoretical contribution
types Whetten (2009) outlines. First, we contribute to
theory, which includes formulating new theory and
improving existing theory (Hong et al. 2014, Whetten
2009). We refine theory relating to EDT polynomial
models and trust by theorizing that the effects of trust-
in-technology disconfirmation on trusting intention
depend on expectation maturity. Second, a contribu-
tion of theory uses a theory that has been broadly
accepted in the field of study but that has not been
applied to the targeted phenomenon (Hong et al. 2014,
Whetten 2009). We make a contribution of theory by
using EDT, a broadly accepted theory, and polynomial
modeling to examine a less studied domain: trust

in technology. The results that contribute the most
reveal that disconfirmation behaves quite differently if
expectations are mature versus if they are less mature.
Our results also show that a polynomial trust model
containing interaction and quadratic terms can explain
significantly more than can a linear model (Online
Appendix F, Table 2). The polynomial model test results
(Table 1) and the response surface graphs (Figures 2–4)
often reveal important findings that linear EDT models
do not. We now discuss these contributions in more
detail. Practical implications are discussed in Online
Appendix G.

5.1. Contribution 1. Contribution to Theory:
Expectation Maturity Makes a Difference

Maturity is a situational factor, which Jarvenpaa et al.
(2004) encourage trust researchers to examine. Our
maturity-related hypotheses were mainly based on
Oliver’s (1976) early EDT work and the trust literature.
The only other research to our knowledge to have the-
orized mature expectations is early marketing research
that, for example, examines expectations of a recently
introduced automobile (Oliver 1976) and bitter and
sweet solutions (Carlsmith and Aronson 1963). Our
theory extends this early work. Whereas Oliver (1976)
theorizes and manipulates involvement, commitment,
and interest as indicators of maturity, we theorize as a
maturity indicator that the length of the software intro-
duction period itself matters. Although it is likely that
over a longer introduction period users will develop
higher involvement, commitment, and interest, we
studied at the more general level of analysis, involving
the passage of time. Also, whereas Oliver (1976) uses
hedonic affective reactions as the dependent variable,
we use trusting intention. Using the trust literature to
support these hypotheses was important because our
dependent variable and its predictor variables are all
trust concepts. Trust theorizing has become a significant
area of IT study, though little work has examined how
trust works in an expectation disconfirmation context.
We extend theory by adding expectation maturity as
a contextual factor that can determine how trusting
disconfirmation affects trusting intention.

5.1.1. Empirical Findings. Related to Contribu-
tion 1 (to theory), we find empirically that expectation
maturity matters consistently across the hypothesis
tests. First, when expectations are more mature (with
SF; H1A, H2A; Table 2, row 1), both negative dis-
confirmation and positive disconfirmation negatively
influence trusting intention. This indicates that both
positive and negative disconfirmation create negative
dissonance, since solid, well-formed expectations are
violated. By contrast, when expectations are less mature
(with Joomla! and Prezi; H1B, H2B), negative disconfir-
mation again negatively influences trusting intention,
whereas positive disconfirmation positively influences
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Table 2 Model Results and Contextual Factors by Technology Context

Less mature expectations More mature expectations

Joomla! Prezi SF

A. Model results
H1A, H1B, H2A, and H2B Only negative disconfirmation

decreases trusting intention
Only negative disconfirmation

decreases trusting intention
Both negative and positive dis-

confirmation decrease trust-
ing intention

H3A and H3B No asymmetry No asymmetry Asymmetry
H4 No curvilinear results No curvilinear results Curvilinear results

B. Contextual factors
Time 2 survey given 3 weeks postintroduction 3 weeks postintroduction 3 weeks postintroduction
Introductory period (time

period before expectation
assessed) maturity details

1 50-minute class 1 20-minute tutorial 3 months

Experience reported at T1
(1 = no experience to
7 = extensive experience)

Level of experience with
Joomla! was 1.30

Level of experience with Prezi
was 1.50

Level of experience with SF
was 2.81

Change in experience level
reported (effect size from
Time 1 to Time 2)

Large effect size (0.66) Large effect size (0.57) Small effect size (0.24)

Software complexity level (T2
perceived ease of use
reversed −1 to 7 scale)

High
Mean ease of use, 4.42

Medium
Mean ease of use, 3.56

Medium
Mean ease of use, 3.37

Classroom versus work
context

Classroom–MBA Classroom–Undergrad Work

trusting intention. Positively disconfirming the expec-
tation creates a pleasant surprise that overcomes the
dissonant feelings, which is probably natural when
expectations are not solidly formed. It is hard to feel
slighted or piqued at positive disconfirmation when
the original expectations were based on brief initial
experience with the technology. Cognitive dissonance
theory is not supported in this context. Rather, the
unexpectedly favorable results overcome any negative
feelings.

Second, as expected with more mature expecta-
tions, the decrease in trusting intention associated with
positive disconfirmation is smaller than the decrease
associated with negative disconfirmation, and is thus
asymmetric (Table 2, row 2; H3A). By contrast, and
contrary to our predictions, with less mature expec-
tations (H3B), we find that the increase in positive
disconfirmation-related trusting intention is not smaller
than the decrease in negative disconfirmation-related
trusting intention, and thus not asymmetric. Maturity
again makes a difference. Although prospect theory
and the “bad is stronger than good” principle predict
that individuals will react to negative situations more
than positive situations, our results suggest that the
low initial expectation maturity tempers these effects
(Table 2).

Third, we find a difference between more mature and
less mature contexts in the quadratic curvature of the
Y = −X line (Table 2, row 3; H4). We proposed that in
mature contexts, we would find a quadratic curvature.
We did not feel justified proposing the shape in the
less mature context. However, the results show a clear

difference. For the mature expectation SF respondents,
we find a quadratic curvature effect as hypothesized,
similar to Venkatesh and Goyal (2010). By contrast, we
find no quadratic curvature effect for the less mature
expectation Joomla! and Prezi respondents. Thus, no
differences in rates of decrease/increase are found even
when more “unexpectedness” is encountered.

In summary, the results distinguish clearly between
the mature and less mature expectation contexts (top
half of Table 2). Disconfirmation has a strictly linear
relationship with trusting intention for less mature
expectation contexts, and an asymmetrical, concave
shape for more mature expectation contexts. These
consistent distinctions between mature and less mature
expectations provide initial evidence that expectation
maturity affects the quadratic EDT relationships. It puts
theoretical boundaries on polynomial relationships, and
opens numerous opportunities for future research to
explore context effects. For example, the mixed findings
of Venkatesh and Goyal (2010) and Brown et al. (2008)
regarding usefulness disconfirmation could be due to
expectation maturity or other situational factors related
to usefulness that have not yet been examined.

5.1.2. Situational Context Becomes Important for
Studying Trust. This paper answers calls to study
trust within contexts (Jarvenpaa et al. 2004). Similarities
and differences exist among our three contexts (bottom
half of Table 2). One similarity is that all three studies
had a three-week time period between the Time 1 and
Time 2 measurements (first “Contextual factors” row in
Table 2). The next row details the maturity differences
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showing that both Prezi and Joomla! respondents had
a relatively short introductory period, whereas the SF
respondents had three months. The next Table 2 row
also indicates this difference. At Time 1 (the end of
the introductory period), the SF respondents felt they
had had more experience (2.8 on a seven-point scale)
than did the Prezi or Joomla! respondents (1.5 and 1.3
on the seven-point scale, respectively; both p < 0001).
The next row shows the SF respondents reported a
lower change in experience during the three-week
usage period than did the others, indicating that more
of their total experience was gained before the three-
week period. Running a repeated measures analysis of
variance (ANOVA) in SPSS 21.0, we find that the effect
sizes for the change in experience were 0.66 for Joomla!,
0.57 for Prezi, and 0.24 for SF. Using Cohen’s basic
guidelines, the effect sizes for three weeks of experience
for Joomla! and Prezi were large (r > 00505, whereas
the effect size for SF was small 40010 < r < 00305.

5.1.3. Eliminating One Alternative Hypothesis. It
is possible that alternative reasons exist for our results.
Researchers should try to eliminate plausible alternative
reasons to provide greater assurance that their results
are not only a good theory but also the best theory for
a phenomenon (Cook and Campbell 1979, Stinchcombe
1968). Using two tests is more convincing than using a
single test (Stinchcombe 1968, Yin 1989). We do this
by testing our theory using two less mature samples
(Prezi and Joomla!) and finding consistent agreement
between them (Table 1). However, Stinchcombe (1968,
p. 25) discusses a more convincing test. He says a
researcher can use a “crucial experiment” to set up a
plausible alternative theory that, if supported, would
show the cause of the phenomenon is different from
what the researcher proposes.

The second to last row in Table 2 shows our analysis
used to eliminate a plausible alternative to our results.
One possible reason for our result differences could
be technology complexity.2 SF might be perceived as
more complex because it is a software suite of products
rather than software like Prezi, a presentation solution,
and Joomla!, a content management system, which are
more specific to a particular task. Complexity could
make meeting one’s expectations more crucial, making
either positive or negative disconfirmation harmful.
Thus, a plausible alternative hypothesis (Ha) is that
perceived software complexity affects the polynomial
relationships just as expectation maturity does.

Since we did not measure perceived complexity, we
were not able to test Ha directly. However, we did
measure perceived ease of use, which can be used
(reverse scored) as a surrogate for system complexity
(Moore and Benbasat 1991). The second to last row in

2 We credit one of our helpful reviewers for this idea.

Table 2 reports complexity measured as perceived ease
of use. We find that Prezi and SF have significantly
lower perceived complexity (3.56 and 3.37, respectively)
than Joomla! (4.42). Prezi and SF complexities are not
significantly different from each other. Given this re-
sult, for Ha we would expect to see that both positive
and negative disconfirmation for Joomla! would have
negative effects on trusting intention, and for SF and
Prezi only negative disconfirmation would have a
negative effect, while positive disconfirmation would
have a positive effect. We find Ha is contradicted by
our actual results (for H1A, H1B, H2A, H2B; Table 2,
row 1). Both positive and negative disconfirmation for
SF have negative effects on trusting intention, and only
negative disconfirmation has negative effects for both
Joomla! and Prezi. Since Ha is not supported, these
results eliminate software complexity as a plausible
alternative.

5.2. Contribution 2. Contribution of Theory:
Applying EDT to Polynomial Models for
Trust in Technology

This study fills a research gap where EDT, polynomial
modeling, and trust in technology intersect. This gap is
important to pursue because whereas EDT research is
very large, the other two research domains are small.
Whereas trust in people, organizations, and Internet
vendors are all becoming large research domains, trust
in specific technologies is still very small. This is partly
because early influential researchers argued that people
trust people, not technologies (e.g., Friedman et al.
2000); that is, human trust in humans is natural because
humans can be judged for their moral traits of trust-
worthiness, such as benevolence and integrity, whereas
technologies cannot. In this paper, we argue that trust
in a technology is based on what the technology can do
for the person, such as giving help and being reliable
(Online Appendix B). This allows trust in technol-
ogy to be researched without making unwarranted
assumptions about what a technology can do.

The polynomial modeling literature in IT is also
quite small, but is growing. This is one of the few
papers that have studied both trusting beliefs and
trusting intention (e.g., Benamati et al. 2010), but even
fewer that have studied these two constructs using
polynomial models. Trust research needs this kind
of analysis, because it is not yet clear how linear or
nonlinear trust relationships are. This is because few
have studied the boundaries of trust in an IT setting (for
an exception, see Gefen and Pavlou 2011). Proposing
that trust is nonlinear enhances our understanding of
how it operates. Predicting the polynomial effects, we
also tied into the IT EDT literature (e.g., Venkatesh
and Goyal 2010), which is supported by cognitive
dissonance and prospect theory. Applying EDT and
polynomial modeling concepts to trust in technology
also contributes.
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In addition, our results contribute to the literature
examining a linear technology trust-building process
(Venkatesh et al. 2011). We test a linear EDT model
(Online Appendix H) and find that expectations and
modified technology trust beliefs do not always influ-
ence postusage variables. To better compare with the
nonlinear results, we also examine the linear effects
of disconfirmation on trusting intention. For all three
usage contexts, we find the coefficients for the links to
trusting intention are not significant. The polynomial
model shows that modified technology trust beliefs
and expectations, which form disconfirmation, do have
important influences on trusting intention. These results
point to the advantages of studying the polynomial
effects of trust in technology.

5.3. Limitations, Future Research, and Conclusion
Our results are particular to our constructs and the
samples we collected, limiting generalizability. For
example, Joomla! and Prezi had very short introductory
periods, whereas SF had a fairly long period. This
means that although we found clear differences, con-
trasting technologies with other maturity ranges may
produce different results. We also studied three specific
technologies, which limits how far we can generalize to
other technologies. Additionally, we used very specific
variables. Studying other variables besides ours will
produce different results. Future research can build on
this study to address these limitations.

We were not able to eliminate a second plausible
alternative, the respondent participation environment
context. Both Joomla! and Prezi involved classroom
use, whereas the SF context examined work-related use
(Table 2, last row). It is possible that this dissimilarity in
context made a difference in the results. Future research
that selects a less mature group in a work-related use
context or a mature group in a classroom environment
would constitute another “crucial experiment” that
would eliminate this alternative.

Researchers could also test the maturity hypotheses
with other independent and dependent variables. For
example, although we believe SF respondents may
be higher in commitment, involvement, and interest
than Joomla! or Prezi respondents, we did not measure
these factors. Future research can measure these and
other factors that might contribute to more mature
initial expectations.

We also used system-like technology trust attributes,
not interpersonal trust attributes. The differences be-
tween system-like trust beliefs and the interpersonal
trust beliefs more commonly examined in the informa-
tion systems literature may affect the generalizability
of our findings to other previously studied contexts.
Future research could also use interpersonal trust
beliefs to evaluate whether our results are specific to
technology trust. Furthermore, the system-like tech-
nology trust attributes may have some overlap with

system quality attributes. However, the technology
trust attributes are well grounded in trust theory. For
example, McKnight (2005) describes trust in technology
as having reliability and functionality dimensions (as
opposed to integrity and competence ones) because
technologies have different capabilities than people.
People have volition and moral capability, for example,
whereas computers do not. Also, Table 1 in McKnight
et al. (2002) shows that the reliability aspect of trust was
also used in interpersonal contexts in seven papers pub-
lished between 1967 and 1996. Similarly, Lippert (2001)
uses functionality as early as her 2001 dissertation
under the term “system utility.” Helpfulness is newer
(McKnight et al. 2011), but relates to the computer’s
capabilities to enact something similar to benevolence
in terms of providing responsive help to the user. In
summary, these technology trust variables manifest
trust theory grounding (see Online Appendix B for
details).

Another study limitation is that even though we
tested moderation by contrasting the results from
mature and less mature samples, we did not test moder-
ation directly using statistical means. This was because
we know of no technique for testing moderation with
polynomial modeling and a response surface method-
ology. Neither did we find anyone who had utilized
this technique. This represents another future research
opportunity.

In conclusion, this paper studies how expectation
maturity, a situational context factor, affects trust. We
contribute first by theorizing and finding contrasting
nonlinear response surface results in mature expec-
tation versus less mature expectation contexts. We
also contribute by being among the first to apply EDT
and polynomial modeling response surface analysis
to technology trust. We feel confident the interesting
findings of this study will initiate additional studies on
technology trust expectations.
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