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Abstract

Background and Objectives: Sustained computer and internet use have the potential to help older adults in various aspects of their lives, mak-
ing predicting sustained use a critical goal. However, some factors related to adoption and use (e.g., computer attitudes) change over time and
with experience. To understand these dynamics, the current study modeled changes in constructs related to computer use after initial computer
adoption and examined whether these changes predict continued use.

Research Design and Methods: \We used data from the computer arm (N = 150, MAge = 76.15) of a 12-month field trial examining the potential
benefits of computer use in older adults. Individual differences identified in the technology acceptance literature (perceived usefulness, ease
of use, computer interest, computer self-efficacy, computer anxiety, quality of life, social isolation, and social support) were measured before
(baseline), during (Month 6), and after the intervention (post-test). Univariate and bivariate latent change score models examined changes in each
predictor and their potential causal relationship with use.

Results: Results demonstrated large interindividual differences in the change patterns of individual difference factors examined. Changes in
perceived usefulness, perceived ease of use, computer interest, computer self-efficacy, and computer anxiety were correlated with but not
predictive of change in use.

Discussion and Implications: Our findings demonstrate the limitation of popular constructs in technology acceptance literature in predicting
continued use and point out important gaps in knowledge to be targeted in future investigations.

Keywords: Adherence, Digital divide, Information system continuance, Unified theory of acceptance and use of technology (UTAUT)

Translational Significance: Technologies can help older adults in various aspects of their lives, but they need to keep using them to get
the full benefits. Older adults’ usage of a technology is associated with various factors including usefulness, ease of use, and self-efficacy,
but the relationships are correlational rather than causal. Stakeholders using technology acceptance models to guide practice need to be
aware of the limitations of those models and understand that there might be other less understood contextual barriers lying between the
decision to adopt technology and actual usage in daily life.

Sustained computer and internet users have the potential to
help older adults in various aspects of their lives (Charness
& Boot, 2022). However, acceptance and usage rates are still
lower among older adults compared with younger people.
Only around 75% of older adults use the internet and 61%
own a smartphone, whereas usage and ownership of these
technologies in the younger and middle-aged groups are near-
ly universal (Pew Research Center, 2021a,2021b). Numerous
factors including users’ perceptions and attitudes, accessibil-
ity and affordability, and product design and support, have
been identified as potential determinants and barriers to us-
age in older adults (e.g., Charness & Boot, 2022; Francis et
al., 2019; Lee & Coughlin, 2015). Given the complex pat-
terns of factors related to technology use, it is not surprising
that providing technology access and creating conditions for
its initial usage alone might not lead to sustained usage (e.g.,

Bhattacherjee, 2001; Hsieh et al., 2008; Sharit et al., 2019).
The goal of the current study is to understand the value of
factors identified in the technology acceptance literature in
predicting continued use for older adults with limited tech-
nology experience from a longitudinal perspective.

Technology Acceptance in Older Adults

Technology acceptance is often defined as the behavioral
intention to use or adopt a technology. Several models have
been developed to understand factors influencing technology
acceptance in organizational and consumer contexts. One
of the most referenced models in the literature is the Unified
Theory of Acceptance and Use of Technology (UTAUT;
Venkatesh et al., 2003, 2012). UTAUT integrated prominent
models in technology acceptance literature and identified
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performance expectancy (also known as perceived useful-
ness), effort expectancy (also known as perceived ease of use),
social influences, facilitating conditions, technology interest,
user habit, and price value as determinants of technology
acceptance. Although attitudes such as technology anxiety
and technology self-efficacy were not theorized to be import-
ant in UTAUT, a recent meta-analysis of studies testing the
model suggests that these attitudes are central to acceptance
and partially mediate the effects of performance expectancy,
effort expectancy, social influences, and facilitating conditions
on acceptance (Dwivedi et al., 2019).

Additional factors were introduced in the aging and tech-
nology acceptance literature to account for older adults’ char-
acteristics and needs when interacting with new technologies
(e.g., Chen & Chan, 2014; Czaja et al., 2006). For instance,
learning to use and using new technologies is cognitively chal-
lenging and could pose barriers for some older adults (e.g.,
Czaja et al., 2006; Zhang et al., 2017). Vision, hearing, and
fine motor skill losses could influence the quality of interac-
tion with the graphical-, sound-, and touch-based interfaces
that are dominant in technological devices (e.g., Chen &
Chan, 2014; Czaja et al., 2020). Psychosocial needs were also
important in older adults’ acceptance of new technologies.
Specific benefits on quality of life (Berkowsky et al., 2017),
emotional or psychological aspects of life (e.g., potential to
promote social connection and receive social support, Lee
& Coughlin, 2015) were strong facilitators of acceptance,
whereas devices or services that activate stereotypes of older
adults being dependent, frail, or in need of special care could
interfere with acceptance (Lee & Coughlin, 2015).

Unfortunately, behavioral intention does not always lead to
actual use, let alone continued use. Behavioral intention, facil-
itating conditions, and habits explained around 50% of the
variance in self-reported usage in the original studies validat-
ing UTAUT (Venkatesh et al., 2003,2012), and meta-analysis
of 162 technology acceptance studies showed that behavioral
intention and facilitating conditions together explained only
21% of the variance in usage behavior (Dwivedi et al., 2019).
This intention-behavior gap is also prominent and well rec-
ognized in research on health behavioral changes (Sheeran,
2002). Meta-analysis results of intervention studies showed
that a medium-to-large change in intention only leads to a
small-to-medium change in behavior (Webb & Sheeran,
2006), and among those with positive activity intentions,
48% failed to enact those actions (Rhodes & de Bruijn, 2013).
Therefore, it is not surprising that predicting long-term use
with individual difference factors identified in the technology
acceptance literature yielded poor results (e.g., Mitzner et al.,
2019). Mitzner et al. (2019) examined predictors of mid-term
(Weeks 21-23) and long-term (Weeks 41-43) computer use
within older recent computer adopters in a year-long tech-
nology intervention study. They found that earlier use (Weeks
1-3), executive functioning, and computer self-efficacy were
the best predictor of mid-term and long-term use, whereas
effort expectancy was only predictive of mid-term use and
performance expectancy was not predictive of use.

Longitudinal Perspective on Technology
Acceptance

One potential explanation for the poor performance in
predicting continued use is that some individual difference
predictors proposed in previous literature, such as effort
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expectancy and technology attitudes, can change substan-
tially as people interact with technology. Therefore, initial lev-
els of those predictors might no longer reflect current views,
and thus not be predictive of continued use or use over the
long run. The idea that predictors of technology acceptance
can change with experience has been alluded to in previous
literature (e.g., Bhattacherjee, 2001). For example, experience
using a technology was proposed to moderate the relation-
ship between several predictors in UTAUT and acceptance
of that technology. Specifically, the influence of effort expec-
tancy and social influence on acceptance diminishes, and the
influence of habit and facilitating conditions increases as
experience grows (Venkatesh & Bala, 2008; Venkatesh et al.,
2012). Similarly, the DeLone and Mclean information sys-
tems success model proposed that performance expectancy
after using a system, directly and indirectly, influences the
intention of future use through user satisfaction (DeLone &
McLean, 2003). Numerous other studies also compared the
association between individual differences and technology
acceptance or user experience (e.g., satisfaction) at first use
and at a later point (e.g., Bhattacherjee & Premkumar, 2004;
Cheng & Yuen, 2018; Hu et al., 2003; Mclean, 2018), and
results differ depending on study population and contexts.
For instance, Hu et al. (2003) examined the acceptance of
classroom technology in public school teachers before and
after technology training. They found that effort expectancy
and performance expectancy became increasingly important
in acceptance after the training, while associations between
other factors and acceptance decreased. This pattern was con-
firmed in a recent study on consumer technologies (a retail-
er’s mobile-commerce application; Mclean, 2018), but was
contradicted by studies on e-learning technology with middle
school students where Cheng and Yuen (2018) found that the
effects of performance expectancy on intention to continue
using the system and satisfaction decrease significantly over
time.

There is likely a dynamic relationship between attitudes
and usage over time and with the development of experience.
Although meta-analytic results suggest that baseline perfor-
mance expectancy, effort expectancy, and attitudes are pre-
dictive of subsequent self-reported use through concurrent
technology acceptance (e.g., Dwivedi et al., 2019), very few
studies have examined if subsequent performance expectancy,
effort expectancy, and attitudes help to understand changes
in use (Cheng & Yuen, 2018; Venkatesh & Bala, 2008). Both
studies measured performance expectancy, effort expec-
tancy, technology acceptance, and use in multiple waves.
Both studies found that initial performance expectancy and
effort expectancy were predictive of subsequent use at Time
2 through initial technology acceptance. And performance
expectancy and effort expectancy at Time 2 were predictive
of subsequent use at Time 3 through technology acceptance
at Time 2. These findings provide some support for a dynamic
relationship between individual differences factors identified
in technology acceptance literature and use. However, these
results need to be interpreted with caution in that stability of
constructs was not controlled (e.g., Time 2 use was not con-
trolled when predicting Time 3 use), and different degrees of
stability in constructs can lead to spurious causal predictions
(see Rogosa, 1980, for a detailed discussion).

The dynamic nature of attitudinal predictors is highlighted
by some technology acceptance models for older adults.
One notable example is the Senior Technology Exploration,
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Learning, and Acceptance (STELA; Tsai et al., 2019) model.
By conceptualizing technology acceptance as a multistep pro-
cess spanning over time, the model emphasized the impor-
tance of initial explorations of new technologies in fostering
positive attitudes to promote subsequent use. However, very
few empirical studies with older adults have investigated the
change in those predictors. Sharit et al. (2019) modeled lin-
ear change in computer proficiency and computer interest,
anxiety, and self-efficacy, and found significant associations
between changes in proficiency and changes in computer
interest, anxiety, and self-efficacy. These results further shed
light on the merits of examining changes in individual differ-
ence predictors.

The Current Study

The current study focused on predictors within the technol-
ogy acceptance literature that are sensitive to change and
explored their value in predicting continued use shortly after
adoption in older adults with limited technology experience.
We used data from the Personal Reminder Information and
Social Management trial (PRISM; Czaja et al., 2015). PRISM
is a computer system designed to be useful and easy to use for
older adults to support social connectivity, prospective mem-
ory, and knowledge about topics and community resources.
The trial provided the PRISM system with internet access to
older adults and followed up on their usage for 12 months
after computer training. This setup offers an ideal testbed for
how attitudes and other individual difference factors influ-
ence adoption and continued use with sufficient technology
support in the absence of access and price barriers. Previous
research showed that the PRISM system is effective in decreas-
ing loneliness and had a positive influence on computer profi-
ciency (Czaja et al., 2018).

The current study has two specific aims. The first aim is to
describe the intraindividual changes in performance expec-
tancy, effort expectancy, computer anxiety, computer self-ef-
ficacy, computer interest, quality of life, social support, and
social isolation over 12 months. To our knowledge, this is the
first study to describe the change in individual difference fac-
tors related to technology acceptance in older adults. Given
that (a) previous research suggests that interindividual differ-
ences and changes in some attitudes and beliefs about tech-
nologies are associated with interindividual differences and
changes in computer proficiency (Sharit et al., 2019; Zhang
et al., 2017), and (b) computer proficiency reflects the vari-
ous skills needed to successfully operate a computer (Boot et
al., 20135), we expect change trajectories of these variables to
roughly obey the power law of skill acquisition (Newell &
Rosenbloom, 1981). Specifically, we hypothesize that effort
expectancy, computer anxiety, and social isolation would
decrease with more experience interacting with the system
and reach a plateau (i.e., negatively decelerating change over
time). Similarly, performance expectancy, computer self-ef-
ficacy, computer interest, perceived quality of life, and per-
ceived social support would increase with system use and
reach a plateau (i.e., positively decelerating change over time).
The second aim is to examine the value of those predictors
in predicting continued use of the system in 12 months. We
expect the interindividual difference relationships between
predictors and acceptance in previous literature will translate
into intraindividual dynamic relationships between predic-
tors and continued use. In other words, predictors from the

technology acceptance literature will be predictive of a subse-
quent change in use.

Facilitating conditions and price value were not examined
given that equipment, technology training, and technology
support were provided through the study without cost to par-
ticipants. Changes in health and cognition were not included
because they are conceptualized to be relatively stable for
normally aging older adults over a year and not significantly
influenced by technology use according to previous studies
(e.g., Czaja et al., 2018; Zhang et al., 2022). We acknowledge
that declines in health and cognition could potentially have
large influences on the use and the decision to disengage with
technology over longer periods.

To summarize, the current study will use latent change
score models to describe how constructs related to computer
use change over a period of 12 months (Aim 1), and we will
use bivariate latent change score models to examine how con-
structs related to computer use influence continued use (Aim
2).

Method

Design, Participants, and Procedures

The PRISM system trial was a multisite randomized con-
trolled trial conducted in three diverse locations: Atlanta, GA;
Miami, FL; and Tallahassee, FL. The trial was 12 months in
duration and collected measures at baseline, 6 months, and
12 months. For full trial details, see Czaja et al. (2015, 2018).

Three hundred community-dwelling older adults were ran-
domized into either the intervention condition in which they
were provided with computer training and the PRISM system
(N =150, MAgez 76.97, standard deviations [SD] = 7.3), or the
control condition where they interacted with parallel, non-
computer-based content (N = 150, M, = 75.34,SD = 7.4).
Participants were cognitively healthy, had little computer
experience, and were at risk for social isolation (lived alone,
worked or volunteered minimally, and made minimal use
of senior center or formal organizations). The current study
used data from the intervention arm of the trial only. The
sample from the intervention arm was 79.3% female, diverse
(46.7% non-White), and many were of low socioeconomic
status (43.3% had attained a high school diploma or less, and
84.7% had an annual household income of <$30,000). All
participants were compensated $25 per assessment (baseline,
6 months, and 12 months), and participants were allowed to
keep the computer after the trial.

Measures

A battery of assessments was administered at baseline, 6
months, and 12 months. Effort expectancy and performance
expectancy were measured by the Technology Acceptance
Scale. Computer self-efficacy, computer anxiety, and com-
puter interest were measured by the Computer Attitudes
Scale. Perceived quality of life was measured by the Quality
of Life Scale. Social isolation was measured by the Friendship
Scale, and perceived social support was measured by the
Interpersonal Support Evaluation List. The full battery is
reported elsewhere (Czaja et al., 2015), and details about psy-
chometric properties are shown in Supplementary Table 1.
Continued use was operationalized as early-term, mid-
term, and long-term use following a previous study using the
same dataset (Mitzner et al., 2019). The use of the system on
each day was recorded as a binary variable. Early-term use


http://academic.oup.com/innovateage/article-lookup/doi/10.1093/geroni/igad029#supplementary-data

was defined as the average number of days that any feature
of PRISM was used during Weeks 1-3. Long-term use was
defined as the period toward the latter end of the trial (i.e.,
41-43 weeks). The final 5 weeks were not included because of
concerns about the end of the study effects. Mid-term use was
defined as use from Weeks 21 to 23. This period was selected
because it approximately sits midway between early-term
(1-3 weeks) and long-term use (41-43 weeks).

Demographic information was gathered at baseline
and controlled as time-invariant covariates in all models.
Descriptive statistics of all the measures involved are shown
in Supplementary Table 2.

Statistical Analysis

Latent change score models were used to model the longitu-
dinal data. This approach combines the strength of cross-lag
regression models in providing causal inferences as well as the
strength of latent growth curve models in explicitly model-
ing the means and variances of the change trajectories. These
characteristics make latent change score modeling the ideal
approach to model dynamic relations between constructs as
they change over time (for reviews, see McArdle, 2009).

Separate univariate latent change score models were fit to
each predictor variable and to the continued use variables to
describe the change patterns over 12 months (Supplementary
Figure 1A). The latent factor at each occasion (x[¢]) was per-
fectly regressed on previous occasion latent factor of the same
construct (x[#-1]). Change between the previous and current
time points was modeled as a higher-order latent change
score (Ax[f]). Latent change scores of the same construct sub-
sequently serve as indicators for the latent slope factor (sx).
Loadings of the latent slope factor were fixed to one to model
a linear constant change trajectory. A prediction of the latent
change score by the latent factor at the previous time (B ) was
included to represent proportional change. The proportional
change was fixed to be invariant over time.

Bivariate latent change score models were fit to model each
predictor’s contribution to change in use. This was achieved
by estimating the latent change score model of a predictor
variable and the latent change score model of the continued
use variable simultaneously (Supplementary Figure 1B). Two
nested multivariate latent change score models (a no-coupling
model and a univariate coupling model) were estimated for
bivariate relationships between each predictor and use. In the
no-coupling model, the intercept and slope of the predictor
and the intercept and slope of use were correlated, but there
was no relationship between the predictor and change in use
(v,, = 0) or use and change in the predictor variable. In the
univariate coupling model, the intercept and slope of the pre-
dictor and the intercept and slope of use were correlated, and
the latent change score for use was regressed on the previous
occasion latent factor of the predictor variable to specify the
dynamic coupling relationship. Nested model comparisons
were used to test whether previous occasion predictors predict
change in use. Model fits of the no-coupling model and the
univariate coupling model were compared with Chi-square
difference testing. Evidence supporting a predictor contrib-
uting to use would be indicated by a significantly worse fit
for the no-coupling model compared with the univariate cou-
pling model.

Latent change scores are not interpretable without mean-
ingful scaling of observed scores over time. Observed scores
were converted to z scores using the means and SDs from the
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first time point to scale the latent change score. After the scal-
ing, the unit of the latent change score models can be inter-
preted as standardized unit change relative to the variability
observed at the first time point. Age, gender, education, race,
and income were controlled in all models. Those covariates
were centered or recoded to increase the interpretability of
the models. Age was treated continuously and centered on
the sample mean. Education was recoded into “high school
and below” and “above high school,” with “high school and
below” as the default group. Gender was coded with female
as the default group given that a majority of the sample
(79.3%) were female. Race was recoded into “Whites” and
“Non-Whites,” with “Whites” as default. Non-Whites were
not further differentiated given the small number of partic-
ipants in each category. Income was recoded into “below
$15,000” and “above $15,000,” with “below $15,000” as
the default group. $15,000 was chosen in accordance with
age and family size-adjusted poverty line (US Census Bureau).

Model fit was assessed with the Tucker-Lewis Index (TLI),
Comparative Fit Index (CFI), and Root-Mean-Squared Error
of Approximation (RMSEA). Model fit is considered to be
adequate when TLI and CFI are above 0.95 and RMSEA is
below 0.06 (Hu & Bentler, 1999).

Power Analysis

A priori power analyses were conducted for bivariate latent
change score models with positively decelerating change for
one variable (the predictor variable of interest) and negatively
decelerating change for another (the use variable). Effects of
fixed effects (e.g., means) and random effects (e.g., variances)
were represented by effect sizes from the difference family
(Cohen’s d), and effects of covariances were represented by
effect sizes from the correlation family (i.e., correlated coeffi-
cients 7). Given the lack of similar previous research to draw
values of effect sizes from, we used values corresponding to
small and medium effects as suggested by Cohen (Cohen,
1988). Fixed (sx, sy, B, B, and random (0*_, sty) effects
for change parameters were set as small (d = 0.2) to reflect
relatively conservative estimates of changes. Random effects
were specified at different magnitudes to reflect multiple pos-
sible scenarios. Results showed that a sample size of 150 has
enough power (>0.80) to detect a medium effect of the pre-
dictor variable on change in use (V.00 d = 0.5) in all circum-
stances, and has enough power (>0.80) to detect a small effect
of the predictor variable on change in use (V0 d =0.2) when
slope variances are smaller than intercept variances (0% < 07,
and 0° < 0%,). Detailed results and model specifications for
the power analysis are shown in Supplementary Table 3.

Results

Univariate Latent Change Score Models

All models for predictor variables demonstrated adequate
fit, whereas model fit for the user variable was slightly worse
(Supplementary Table 4). Parameter estimates are shown in
Table 1.

The average initial levels for all predictors were not signifi-
cantly different from zero. This is expected due to the con-
version from raw scores to z scores. There were significant
variations in initial levels of all predictors (Table 1, 0%,), indi-
cating substantial interindividual differences for performance
expectancy, effort expectancy, computer anxiety, computer
self-efficacy, computer interest, quality of life, social support,
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and social isolation within older nonusers before interacting
with the computer system. On average, computer anxiety
decreased by 0.429 SD, performance expectancy decreased
by 0.333 SD every 6 months, whereas effort expectancy,
computer self-efficacy, computer interest, perceived quality of
life, social support, and social isolation did not experience
P significant change (Table 1, p_). There were also significant
variations around the mean change trajectory of all predictors
except for computer interest and social support (Table 1, 0% ),
suggesting an interindividual difference in changes over the
12-month period during their interaction with the computer
system. The proportionate change was significant for all mod-
els (Table 1, B, ), suggesting an overall slowing of change over
time proportionate to the previous level for all constructs.

Within the model, usage on average did not show signif-
icant change over time. Although this may seem surprising,
individual participants demonstrated a great deal of variabil-
ity in their patterns of change over time (Table 1, 0 ). Some
participants maintained high usage over the study period and
some participants maintained low usage. Some participants
increased their usage over time, and others decreased their
usage over the course of the 12-month intervention.

0.002
(0.193)
~0.171
(0.142)
~0.524
(0.198)**
0.693
(0.127)% %
0.406
(0.194)*
0.349
(0.146)*
0.312
(0.039) %%

Use

(0.144)%*
(0.034)%*

(0.257)%*
0.270

(0.119)***
0.605

Social isolation
-0.303

(0.186)
-0.036

(0.188)

-1.108
(0.177)%***
0.649

0.758

Social supporto

(0.187)**
0.247
(0.031)%#*

20.104
(0.188)
~0.185
(0.157)
~0.751
(0.255)%*
0.690
(0.12)*
0.508
(0.298)
0.499

Quality of life

~0.33
(0.189)
20.394
(0.222)
~1.214
(0.141)%%*
0.694
(0,122
1.084
(0.286)%**
0.781
(0.153)%%*
0.26
(0.032)%%*

Bivariate Latent Change Score Models

All models demonstrated adequate fit. Model comparison
results showed that constraining the relationship between the
predictor and change in use (v = 0) did not lead to a sig-
nificantly worse fitting model for any of the models (Ay?(1)
range from less than 0.001 to 3.260, Supplementary Table
5). Covariance between the slope of performance expectancy,
effort expectancy, computer anxiety, computer self-efficacy,
computer interest, and the slope of use was significant (p__
., range from -0.157 to 0.305, Table 2). Specifically, older
adults who experience more decrease in effort expectancy and
performance expectancy, less decrease in computer anxiety,
less increase in computer self-efficacy and computer interest
also decrease more in use. Taken together, these results suggest
that performance expectancy, effort expectancy, computer
anxiety, computer self-efficacy, and computer interest change
with usage, but critically, none of the predictors identified in
the previous technology adoption literature were predictive
of continued use.

~0.074
(0.188)
0.136
(0.118)
20.630
(0.286)*
(0.123)%*
0.247
(0.178)
0.256
(0.169)
0.309
(0.039)%*

0.643

*

Computer self-efficacy Computer interest

~0.017
(0.186)
0.174
(0.159)
~0.894
(0.137)%#*
(0.121)**
0.520
(0.149)%**
0.341
(0.101)%#*
0.306
(0.039)%**

0.617

Computer anxiety

0.008
(0.186)
-0.429
(0.159)**
~0.771
(0.137)% %
0.629
(0.119)%**
0.521
(0.159)**
0.386
(0.107)%*
0.292
(0.037)%%*

*

1.399
(0.239)%%*
0.353

Discussion

-0.003
(0.193)
~0.371
(0.247)
~0.975
(0.072)% %%
0.573
(0.133)%%*
(0.120)**
0.414
(0.052)%*

We considered changes in predictors identified in previous
technology adoption literature and examined the value of
those changes in predicting the continued use of a computer
system for older nonusers. Data from the intervention arm of
the PRISM trial were assessed with univariate latent change
score models to examine intraindividual changes in interin-
dividual differences that are predictive of technology adop-
tion in previous literature. These data were also assessed with
bivariate latent change score models to explore the value of
those interindividual differences in predicting continued use.
Results showed that performance expectancy, effort expec-
tancy, computer anxiety, computer self-efficacy, computer
interest, quality of life, social support, and social isolation all
experienced change of different extent for different individu-
als over the study period. Although performance expectancy,
effort expectancy, computer anxiety, computer self-efficacy,
and computer interest change alongside use, none of those
interindividual differences were predictive of change in use.

%

Performance expectancy  Effort expectancy
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(0.122)**

-0.756
(0.122)%#*
0.571

20.048
(0.186)
~0.333
(0.167)*
0.573

ix

ux

sx

Initial level mean, p_
Slope mean, pi_
Proportional change, B,
Initial level variance, o,
Slope variance, 0%
Covariance, p,,
Residual variance, 0>

Table 1. Univariate Latent Change Score Model Unstandardized Coefficient (and standard errors) for Predictor Variables and Use Variable

Notes: Age, education, gender, race, and income were controlled in all models.

Fixed effects
Random effects
*<.05.%*p <.01. "

Estimates
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Power analysis suggested that we have enough power to
detect a medium effect of such relationships. Taken together,
these results suggest a correlated and noncausal relationship
between those predictors and use.

Social
isolation
0.067
(=0.063)
-0.051
(=0.082)

Changes in Proposed Predictors of Continued Use

Several previous studies have considered the potential of
intraindividual changes of interindividual differences that are
predictive of technology adoption in various population and
contexts (e.g., Hu et al., 2003; Mclean, 2018; Venkatesh &
Bala, 2008; Venkatesh et al., 2012), but none of the previ-
ous studies described the changes in detail. Drawing on the
power law in the skill acquisition literature, we expected that
performance expectancy, computer self-efficacy, computer
interest, and benefits on everyday life brought on by using a
computer (perceived quality of life and perceived social sup-
port) would experience positive decelerating change as com-
puter proficiency grows with interaction and experience with
the system. On the other hand, effort expectancy and com-
puter anxiety would experience negative decelerating change
as computer proficiency grows with interaction and experi-
ence with the system. Our findings on those changes are par-
tially in line with those expectations. Specifically, the current
finding showed a decelerating trend for changes in all those
individual differences. These results suggest that initial inter-
actions with a new technology shortly after adoption play a
more important role in fostering attitudes and perceptions
of the new technology than later interactions. This is consis-
tent with propositions in theoretical models on technology
acceptance and training, such as the STELA model (Tsai et
al., 2019) reviewed in earlier sections. Contrary to our expec-
tation, average performance expectancy declined over time.
This construct assesses whether participants believe use of the
system helps them accomplish various tasks. Note that com-
pared with a typical computer system, PRISM was restricted
in the features it provided, and after time, it is possible that
participants wished the system had more features to assist
them with other activities, consistent with some qualitative
data collected at the completion of the trial (e.g., the desire
for videoconferencing features).

Our findings also suggested that the change patterns can
differ substantially across different individuals. In another
word, although we expected performance expectancy, com-
puter self-efficacy, computer interest, perceived quality of life,
perceived social support to increase with computer use and
effort expectancy, computer anxiety, and expected perceived
social isolation to decrease with computer use for all users, we
only observed those patterns in some users. It is unclear what
contributes to the large interindividual differences in intrain-
dividual changes of those individual difference factors. Given
that attitudes and perceptions of a technology are, conceptu-
ally, formed in part through interacting with that technology,
the large interindividual differences in change could reflect
interindividual differences in user experiences and satisfac-
tion with the computer system. Future studies can explore
the antecedents of those attitudes to better understand our
findings.

Social
support
0.003
(-0.062)
0.017
(-0.07)

Quality
of life
0.031
(=0.063)
-0.057
(=0.098)

Computer
interest
0.079
(-=0.065)
0.135
(0.06)*

Computer
self-efficacy
0.155
(0.064)*
0.173
(0.072)*

Computer
anxiety
-0.017
(-0.062)
-0.251
(0.079)**

Effort
expectancy
0.028
0.398
(0.117);;. %

Performance
expectancy
0.017
(-0.062)
0.143
(-0.077)

Predicting Continued Use

Results from bivariate latent change score models suggested
that changes in performance expectancy, effort expectancy,
computer anxiety, computer self-efficacy, and computer
interest correlated with changes in use. These findings are

Covariance, p,
i

Covariance, Pivsy
*<.05.%*p <.01. ***p <. 001.

Notes: Age, education, gender, race, and income were controlled in all models.

Table 2. Continued

Estimates



consistent with significant correlations between performance
expectancy, effort expectancy, attitudes, and technology
acceptance found in previous studies in various populations
and contexts (e.g., Dwivedi et al., 2019 for a review). These
findings are also consistent with findings from studies show-
ing coupling relationships between performance expectancy,
effort expectancy and technology acceptance over different
phases of use (e.g., Bhattacherjee & Premkumar, 2004; Hu et
al., 2003; Mclean, 2018).

Of more interest to the current study is the predictive value
of those individual differences on subsequent use. Bivariate
latent change score models showed no evidence of the exam-
ined individual difference predictors being predictive of sub-
sequent use. This is partially consistent with the findings of a
cross-sectional survey on gerontechnology use in older adults
(Chen & Chan, 2014). Specifically, Chen and Chan (2014)
found effort expectancy and performance expectancy to be
not predictive of concurrent self-reported use of gerontech-
nology. Our study extended their findings by incorporating an
objective measure of use and a longitudinal design that draws
stronger causal inferences.

The lack of causal findings is not consistent with previous
findings suggesting that performance expectancy and effort
expectancy are predictive of subsequent self-reported use
through concurrent technology acceptance (e.g., Dwivedi et
al., 2019). The null finding is especially noteworthy given
that all the examined individual difference predictors were
well grounded in technology acceptance theories and demon-
strated strong effects in previous literature. The differences in
finding might be due to the differences in study population
and design. First, the focus and assumptions behind the anal-
ysis of the current study are different from those of previous
studies. The current study focused on the continued use of
older users who had already accepted the computer system.
Therefore, all users were assumed to be using the system to
different extents after getting it (u_, 0°_; Supplementary Figure
1B), and individual difference factors were used to predict
changes in actual use from previous occasions to subsequent
occasions (Ax[t]; Supplementary Figure 1B). Whereas previ-
ous technology acceptance literature generally focuses on the
intention to use a new technology after being introduced to
the technology and sometimes subsequent use after that. In
their cases, all participants were assumed to start from not
using the technology (p, and o?_ both fixed to 0), therefore,
individual difference factors were used to predict a change
from not using the technology to using at a certain frequency
through intention to use.

Another major difference lies in how system use is measured.
Early-, mid-, and long-term use was defined by the number of
days the system was used within specific time frames (e.g.,
long-term use was defined as the frequency of use from Weeks
41 to 43) based on objective system records, whereas previ-
ous studies relied on general self-reported frequency of use
without any time frame (e.g., “On average, how much time
do you spend on the system each day?”; Venkatesh & Bala,
2008). Together, our assumptions on a more dynamic starting
point of use and more precise and granulated use data could
potentially contribute to the differences in findings.

The correlated and noncausal relationships between per-
formance expectancy, effort expectancy, attitudes, and con-
tinued use also suggested that some third variables might
be in play in predicting all those individual differences and
use. An example of a potential third variables could be user
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expectation suggested by the expectation confirmation the-
ory (Bhattacherjee, 2001; Oliver, 1980) and the Information
System success model (DeLone & McLean, 2003) in market-
ing research. Future studies on the digital divide can take a
more interdisciplinary perspective by looking beyond tech-
nology acceptance literature to identify the role of potential
moderators and third variables between established individ-
ual differences and continued use.

Given the lack of findings from the current study, it is still
unclear what factors are predictive of continued use of new
technologies in older adults. It is possible that contextual fac-
tors, such as busyness, awareness of aging, affect, or routine
and habits moderate the relationship between performance
expectancy, effort expectancy, attitudes, and usage within a
particular day or week. Within-person microlongitudinal
design has been fruitful in understanding various psychoso-
cial and cognitive processes in aging research (e.g., Brose et
al., 2012; Sliwinski et al., 2006; Zhang & Neupert, 2021;
Zhang et al., 2020). Future studies could adopt this approach
and collect more contexture information to understand use
in a more fine-grained perspective. Future studies could also
adopt qualitative and mixed methods design to gain insights
directly from the users as to why they are engaging or disen-
gaging with a technology. Finally, machine learning is another
promising approach that showed the potential to help with
understanding determinants and early signs of adherence fail-
ure and disengagement in technology-based activities (e.g.,
He et al., 2022; Singh et al., 2022). Future research could use
machine learning models to supplement current understand-
ings and existing theories.

Strengths, Limitations, and Future Directions

The current study has many strengths. First, it is one of the
first to acknowledge and systematically demonstrate how
computer use change alongside attitudes, beliefs, and per-
ceived benefits related to computer use mentioned in previ-
ous literature. It also extended previous research that used
only baseline individual differences to predict continued use
(e.g., Mitzner et al., 2019) by including subsequent waves of
attitudes, beliefs, and perceived benefits after initial adoption.
These approaches acknowledge that users change and evolve
alongside their interactions with technologies and devices.
Second, the current study used advanced longitudinal struc-
tural equation modeling techniques. These models controlled
for the stability of constructs over time to avoid superfluous
causal inferences. Therefore, our current approach provided
a more accurate estimation of the dynamic relationships than
those previous studies.

The current study should also be considered alongside
some limitations. First, the sample size is relatively small.
Power analysis suggested that our sample had enough power
to detect medium effects but not small effects of the causal
effects between the individual differences and use when
individual differences in change trajectories are larger than
individual difference at baseline. Therefore, it is possible that
performance expectancy, effort expectance, and attitudes are
predictive of use, but the effects are much smaller than pro-
posed in previous literature. Another limitation is that partic-
ipants are largely females with lower social economic status,
which may influence the generalizability of the results. Studies
with broader samples and larger sample size will determine if
the null findings hold and generalize to other subpopulations
of older adults.
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Conclusion

Limitations notwithstanding, the current study showed evi-
dence of large variabilities in change trajectories of attitudes,
perceptions, and perceived benefits of computers. The current
study further suggested correlated and noncausal relation-
ships between performance expectancy, effort expectancy,
attitudes, and continued use of computers and the internet
in older adults who had limited previous experience with
computers. Those findings pointed out that perceptions and
attitudes about technologies change in very different ways for
different older users. Although those changes are associated
with change in use, the reasons underlying changes in percep-
tions, attitudes, and use are unclear. Understanding factors
that influence the use and continued use of computers and
the internet is critical given the variety of benefits these tech-
nologies can have on older adults’ life. Our findings showed
the limitation of popular constructs in technology acceptance
literature in predicting use and continued use and pointed out
important gaps for future studies as well as a need for long-
term technology use and continued use theories in older users.

Supplementary Material

Supplementary data are available at Innovation in Aging
online.
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