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Abstract 

With an aging global population, it is critically important to understand the consequences of 

everyday behavior for late-life personality development. Internet use is becoming increasingly 

embedded into older adults’ lives, and researchers have hypothesized that it may buffer older 

adults from age-graded declines in healthy personality traits. This dissertation contains two pre-

registered studies. In the first, I tested the co-development between three factor-analytically 

derived clusters of internet use (instrumental, social, and media) and three aspects of 

psychological adjustment (loneliness, satisfaction with life, and depressiveness) among a 

representative sample of 2,922 Dutch adults aged 65 and older. Latent growth curve analyses 

indicated that internet use was largely unrelated to psychological adjustment, both cross-

sectionally and longitudinally. Furthermore, cross-lagged analyses indicated that change in 

internet use did not predict future change in psychological adjustment, and vice-versa. In the 

second study, I examined co-development between instrumental, social, and media internet use 

and two aspects of cognitive engagement (openness to experience and need for cognition) using 

the same sample. Latent growth curve analyses indicated that older adults who were more 

cognitively engaged used the internet more frequently, especially for instrumental purposes like 

search and email. Those who increased in their use of online media over time declined less in 

need for cognition than their peers. I contrasted these findings against null associations between 

cognitive engagement and TV/radio use. Associations between internet use and cognitive 

engagement remained constant from 2008 to 2017 even as internet use became much more 

common. Overall, results of these two studies suggest that internet use in older adulthood is 

mostly unrelated to psychological adjustment but highly relevant to cognitive engagement.  
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Chapter 1 

Co-development between psychological adjustment and internet use  

 

Cite: Schwaba, T., & Bleidorn, W. (2021). Log on and prosper? Little evidence for co-

development between psychological adjustment and technology use in older adulthood. Journals 
of Gerontology, Series B, 76, 67-77. Available at psyarxiv.com/4sq5x/     
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Introduction 

Psychological adjustment, a person’s ability to productively navigate their day-to-day life 

and overcome obstacles, is a critical component of successful aging (Felton et al., 1984). Aging 

research has identified that older adults (ages 65+) tend to decline in many aspects of 

psychological adjustment, such as satisfaction with life (SWL), loneliness, and depressiveness 

(Baird et al., 2010; Dykstra, Van Tilburg, & Gierveld, 2005; Jivraj et al., 2014; Lampinen et al., 

2000; von Soest et al., 2018). This research has also revealed substantial individual differences in 

development, indicating that not all older adults experience these declines. Why do some older 

adults decline in psychological adjustment with age, while others remain well-adjusted?  

Since the advent of the internet, gerontologists have theorized that using Information and 

Communication Technology (ICT), such as social networking sites, email, and internet search, 

may allow older adults to mitigate age-related declines in psychological adjustment (Czaja et al., 

1989; Dickinson & Gregor, 2006). Specifically, ICT may provide an avenue for older adults to 

maintain social connections and a sense of overall life continuity when faced with increasing 

age-related functional difficulties (Atchley, 1989; Baltes, 1997). ICT use also represents a 

pragmatic intervention target because a substantial percentage of the older adult population is 

completely offline (Anderson & Perrin, 2017). Although cross-sectional research has found that 

older adults who use ICT tend to be psychologically better adjusted (Cotten et al., 2014; Chopik 

et al., 2017; Forsman & Nordmyr, 2017), intervention research on this topic has led to mixed 

results (for reviews, see Dickinson & Gregor, 2006; Choi et al., 2012; Forsman et al., 2017), and 

no observational research to date has examined the co-development between ICT use and 

psychological adjustment in older adults (however, see Hartano et al., 2020 for a study of co-

development in an age-heterogenous sample). As a result, little is known about whether these 
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two variables are longitudinally associated or the mechanisms that underlie observed cross-

sectional associations. 

In this study, we examine the role of ICT use in the development of psychological 

adjustment among a sample of older adults (N=2,922). Data come from a representative sample 

of Dutch adults aged 65 and older that have contributed 6 annual waves of data as part of the 

Longitudinal Internet Study for the Social Sciences (LISS). Using this data, we examine the co-

development between three empirically-derived ICT use clusters (instrumental internet use, 

consuming media online, and socializing online) and three psychological adjustment variables 

(loneliness, satisfaction with life, and depressiveness). Furthermore, we examine the relevance of 

potentially important covariates, such as education and subjective health, to co-development. 

Overall, we aim to advance our understanding of the factors that influence psychological 

adjustment in older adulthood and inform the design of future ICT interventions. 

ICT use and Psychological Adjustment 

Psychological adjustment is a broad term that encompasses many traits. In this study, we 

focus on three aspects of adjustment: loneliness, which measures a social aspect, satisfaction 

with life, which measures a more general, global aspect, and depressiveness, which measures a 

clinically relevant aspect.  

Although there has been an intense debate about potentially negative effects of ICT use 

on well-being among younger adults (Orben, 2020), theory and research on ICT use in older 

adulthood have overwhelming focused on the potential benefits of this behavior. Cross-sectional 

research has shown that older adults who report higher levels of ICT use are less lonely (Chopik 

et al., 2016), less depressed (Cotten et al., 2014), and demonstrate higher levels of subjective 

well-being (Forsman & Nordmyr, 2017). Additionally, over 40 longitudinal interventions have 
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studied whether ICT use confers benefits to psychological adjustment, with an inconclusive 

pattern of results (Choi et al., 2012; Dickinson & Gregor, 2006; Forsman et al., 2017). However, 

the quality of these studies has been mixed. In a recent literature review, Forsman and colleagues 

(2018) examined 21 interventions and identified only two with high methodological quality. 

Both found null results of ICT training on later adjustment when compared to an active control 

group. 

Dickinson and Gregor (2006) identified potential reasons for the inconclusive results of 

past ICT interventions. Although randomized intervention studies are the gold standard for 

testing the implications of ICT use on psychological adjustment, these studies are often limited 

by small sample sizes and low statistical power to detect presumably small effects. Furthermore, 

these studies often take place in an artificial environment (with researchers providing in-person 

training for hours per week) that may not generalize well to the real world. 

Supplementing interventions with naturalistic research designs can help address these 

areas of concern. Although naturalistic studies do not afford the causal inference of a well-

designed intervention, they often feature large sample sizes which allow researchers to detect 

presumably small effects with high precision, providing useful benchmarks for what can be 

expected in an intervention. Naturalistic studies allow researchers to better understand how ICT 

and psychological adjustment are associated in everyday life, outside of structured intervention 

contexts. Furthermore, longitudinal naturalistic research can track how associations play out over 

many years, supplementing the typically more short-term pre-post designs of intervention 

research. In these ways, intervention and naturalistic research methodologies can each provide 

uniquely useful information about associations between ICT use and psychological adjustment. 
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Despite inconsistent findings in past research, there are strong theoretical reasons for why 

ICT use may be longitudinally linked to psychological adjustment. These associations can arise 

from three intertwined processes: selection, socialization, or third-variable effects.  

First, ICT use and psychological adjustment may be associated as the result of selection 

effects, where older adults who are psychologically better adjusted are more likely to learn and 

use ICT. Older adults with high levels of psychological adjustment are more intrinsically 

motivated to learn new behaviors and feel more capable of mastering their environment (Ryan & 

Deci, 2000; Ryff, 1989). As many older adults believe that ICT use is daunting and difficult 

(Anderson & Perrin, 2017), feelings of competence and a drive towards mastery may be 

especially relevant in older adults’ decision to use ICT. Indeed, older adults who fear technology 

are less likely to use ICT (Cotten et al., 2014).  

 Second, associations between ICT use and psychological adjustment may emerge through 

socialization effects, where frequent ICT use buffers older adults against declines in 

psychological adjustment. Theories of aging highlight how technology can help older adults 

compensate for declines in functioning, affording continuity in self-perception and maintained 

levels of psychological adjustment (Atchley; 1989; Baltes, 1997). Although the aging process 

may force older adults to discontinue or scale back valued activities, like leaving the house to 

purchase groceries and talk with neighbors, ICT allows older adults to bank, shop, search for 

information, and socialize without needing to leave their home (Nimrod, 2019). In this way, ICT 

use can help older adults compensate for these age-graded declines and maintain a sense of 

autonomy and self-determination, two important components of psychological adjustment (Ryan 

& Deci, 2000). 
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Although general ICT use may be connected to psychological adjustment in old age, 

social ICT in particular may have especially strong associations with adjustment. In terms of 

selection effects, well-adjusted older adults tend to have stronger social networks (Green et al., 

2001), which may encourage more frequent use of social ICT. For example, one study found that 

well-adjusted older adults were motivated to use social ICT by the prospect of connecting with 

younger family members who do much of their socializing online (Hope et al., 2014). In terms of 

socialization effects, social ICT may be especially effective at buffering against age-related 

declines in psychological adjustment because it fosters interpersonal connection (Chopik, 2016). 

Chatting and networking online with other people may reduce loneliness more effectively than 

solitary online activities like reading the news. 

Beyond selection and socialization effects, third variables relating to health and 

technology access may affect both ICT use and psychological adjustment in older adulthood. 

Identifying these variables allows us to better contextualize co-development between ICT use 

and psychological adjustment in naturalistic contexts. 

Some co-development may be driven by poor health. Older adults with functional health 

issues (such as arthritis) may find it difficult to use ICT and may also decline in psychological 

adjustment (Nilsson et al., 2011), leading to a spurious correlation. Changes in health that impact 

older adults’ future time perspective may also affect ICT use. Specifically, older adults who 

perceive that they do not have long to live may shift their motivational priorities away from 

novel, information-gathering behaviors (Carstensen, 2011) like ICT use. 

Other associations may be partially explained by demographic covariates associated with 

technology access. For example, people younger than 85 and people with college degrees are 

more likely to use ICT and tend to score higher on psychological adjustment (Anderson & 
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Perrin, 2017; Selwyn et al., 2003). Additionally, women tend to score higher on depressiveness 

(Lampinen et al., 2000), and, among current cohorts of older adults, are more hesitant to use 

technology (Broos, 2005). Adjusting for these covariates provides a more rigorous test of the 

associations between ICT use and adjustment. 

The Present Study 

In this study, we examine the co-development of ICT use and psychological adjustment 

in older adulthood using data from the LISS panel. We examine patterns of co-development 

between psychological adjustment and ICT use by estimating bivariate latent growth curve 

models and random-intercept cross lag panel models. These models allow us to tease apart 

selection effects, socialization effects, and correlated change between the two sets of variables. 

We then estimate extensions of these models to examine the effects of additional covariates, such 

as subjective health and age, and test whether associations differ across different forms of ICT.  

We tested eight pre-registered hypotheses (see osf.io/z4p52). We predicted that 1) older 

adults with better psychological adjustment would be more likely to use ICT, in line with past 

cross-sectional research. Longitudinally, we hypothesized selection effects, such that 2) older 

adults with better psychological adjustment would be less likely to decrease their ICT use and 3) 

changes in psychological adjustment would precede changes in ICT use. We also hypothesized 

socialization effects, such that 4) older adults who use ICT more frequently would be less likely 

to decrease in psychological adjustment and 5) changes in ICT use would precede changes in 

psychological adjustment. Furthermore, we predicted correlated change between the two sets of 

variables, such that 6) older adults who decrease in ICT would be more likely to decrease in 

psychological adjustment. Finally, to investigate the nature of these selection and socialization 

effects, we hypothesized that 7) co-development between ICT use and psychological adjustment 
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would be partially explained by variables related to health and technology access and that 8) 

some clusters of ICT use (in particular, social ICT) would be more strongly associated with 

psychological adjustment than others. 

Method 

LISS has followed a representative sample of over 20,000 members of the Dutch 

population from 2008 to 2019 (Scherpenzeel, 2011). LISS participants complete yearly internet 

surveys on a variety of topics. Participants without a computer or internet connection (N = 238 in 

2012) were provided with a fully-functional computer called a SimPC 

(https://www.simpc.nl/product/simpc/) to complete surveys. These participants were on average 

older, female, less educated, and less healthy (see Supplemental Materials (SM) for more 

details). 

All analyses were pre-specified to constrain researcher degrees of freedom. We have used 

the LISS dataset in past research to examine the lifespan development of personality traits, 

preventing a blind pre-registration of this study. Specifically, we have examined the development 

of self-esteem, which is empirically and conceptually associated with psychological adjustment 

(Bleidorn & Schwaba, 2018; Schwaba & Bleidorn, 2019; Schwaba et al., 2018; Schwaba & 

Bleidorn, 2018), and the development of values in the context of health adversity (Bleidorn et al., 

2020). However, in no research have we examined any of the focal variables in this study: 

loneliness, optimism, depressiveness, or ICT use. Before pre-registering, we calculated 

descriptive statistics for these variables, but we did not examine associations between any 

variables. All deviations from the pre-registration were documented in the SM, which also 

contains a table formally documenting exposure to data before analyses.  

Sample 
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In this study, we included participants from all LISS cohorts (2008, 2010, 2012, and 

2014). We excluded participants who did not provide at least one wave of personality or ICT use 

data (N before exclusion = 24,292, N after exclusion = 14,883). We then excluded participants 

younger than 64. (total N = 2,922). On average, participants were 70.41 years old in 2012 (SD = 

7.18) and had a high school education; 50% of participants were female. Age 65 represents a 

standard definition for the onset of older adulthood (Roebuck, 1979) and corresponds to the age 

of retirement in the Netherlands. The number of participants at each year of the study varies due 

to attrition and the addition of a new cohort in 2014. 

Measures 

 Psychological Adjustment 

 We examined three aspects of psychological adjustment: loneliness, SWL, and 

depressiveness (Table S1.2). Loneliness was measured using a six-item scale (e.g., “I miss 

having people around me,” 1-yes, 2-more or less, 3-no; De Jong Gierveld & Van Tilburg, 2006), 

administered annually from 2012 to 2017. The response scale for these items differed in 2012, so 

we omitted 2012 loneliness data from this study.  

 Satisfaction With Life (SWL) was measured using a five-item scale (e.g. “In most ways, 

my life is close to my ideal,” 1-strongly disagree to 7-strongly agree; Diener et al., 1985), 

administered annually in 2012-2015 and 2017. 

Depressiveness was measured using a 5-item scale (e.g., “This past month, I felt… 

depressed and gloomy”, 1-never to 6-continuously; Berwick et al., 1991), administered annually 

in 2012, 2013, and 2015-2017. 

ICT Use 
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 From 2012-2017, participants were asked about their ICT use using a branched series of 

questions (see SM for a flowchart). Participants were first asked, “Do you sometimes make use 

of the internet on a computer or laptop/tablet/smartphone, besides when completing the 

questionnaires of this panel?” Participants who answered “no” received a score of 0 for all ICT 

items. Across the study period, 124 participants were never online. Participants who answered 

“yes” were asked, “Can you indicate whether you ever spend time on the following online 

activities?,” followed by a list of 16 behaviors (e.g., “reading and/or writing blogs”; see Figure 1 

for complete list). For each activity, participants who answered “yes” were then asked “Can you 

indicate how many hours per week, on average, you spend on these online activities?” We 

omitted two items: “dating websites,” as less than 2% of the sample used these, and “other,” 

because this item was unclear, leaving 14 ICT behaviors total. We coded answers that indicated 

over 16 hours per day as missing, and log-transformed answers to account for positive skew (see 

Tables S1.2 and S1.3 for descriptive information).  

 We conducted an exploratory factor analysis on ICT use data collected in 2012. We 

extracted factors using ordinary least squares and performed an Oblimin rotation. Scree plots and 

parallel analyses indicated that a 3-factor solution fit the data well. This solution was more 

interpretable than extracting 2 or 4 factors. We interpreted the factors as formative latent clusters 

of instrumental, media, and social ICT use (Figure 1; Table S1.4), where the measured behaviors 

cause the latent trait (Bollen & Lennox, 1991). We used these three clusters as latent indexes of 

ICT use in all subsequent analyses.  
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Figure 1. The structure of ICT use among older adults in 2012 (N = 1,435). 

 

Control variables 

 We examined whether co-development between ICT use and psychological adjustment 

was partially explained by five different covariates: age, gender, education (1- primary school to 

6- university), subjective health (“how would you describe your health, generally speaking;” 1-

poor to 5-excellent), and mobility (a 3-item composite score: “Can you indicate, for each 

activity, whether you can perform it without any trouble, with a lot of trouble, with the help of 

others, or not at all?... walking 100 meters/walking up a staircase without resting/ shopping;” 1-

without any trouble to 5-not at all). 
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Results 

 Analyses were conducted in R (R Core Team, 2019). Factor analyses were estimated 

using the psych package (Revelle, 2017). Structural equation models were estimated using the 

lavaan package (Rosseel, 2012). Analysis scripts that allow researchers with access to the LISS 

dataset to reproduce results are available at osf.io/z4p52, and a correlation matrix of all variables 

across all time points is available at osf.io/bwd53. Missing data were handled using Full 

Information Maximum Likelihood estimation. To compare fits of nested models, we used 

loglikelihood difference tests. Given the number of tests performed, we interpreted p-values of 

.01 or lower as significant to balance Type-I and Type-II error rates. 

Power Analysis 

Before pre-registering this study, we estimated power using the RMSEA method outlined 

in MacCallum and colleagues (2006). This method indicated that we had 61.3% power to detect 

a change in RMSEA of .002 at p < .01 when estimating one additional parameter (e.g. a 

correlation between latent growth curve parameters or a significant cross-lag in a cross-lagged 

panel model; see SM for complete details). As this method for estimating power is general in 

nature, we present all results with exact p-values and confidence intervals so that readers can 

evaluate findings within the constraints of the data. 

Measurement invariance 

 We examined measurement invariance across assessment waves for each variable. In 

each case, results indicated strong (scalar) invariance: we could constrain overall model 

configuration, factor loadings, and item intercepts across measurement occasions without 

substantial decrease in model fit (all ΔRMSEA ≤ .009, all ΔCFI ≤ .016), suggesting that mean 

levels of latent variables could be compared across assessment waves (Table S1.5).  
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Mean-level development 

 We estimated a series of second-order univariate latent growth curve models that describe 

linear change per year, on average, in each study variable (for a path diagram, see Figure S1.2). 

We found declines in SWL (B = -.014 per year, -.084 over the study period; p = .003), increases 

in media ICT use (B = .004 per year, .024 over the study period; p = .007) and increases in social 

ICT use (B = .043 per year, .258 over the study period; p < .001). According to the effect size 

interpretations proposed by Funder & Ozer (2019), average changes in SWL and media ICT use 

over the study period were small in magnitude, and average change in social ICT use over the 

study period was large. We found no significant change in depressiveness, loneliness, or 

instrumental ICT use (Figure S1.3 and Table S1.6). All variables were characterized by 

significant individual differences in change (ps < .001), allowing us to test whether the 

development of psychological adjustment was associated change in ICT use. 

Co-development between ICT use and Psychological Adjustment 

 To investigate longitudinal associations between participants’ trajectories of 

psychological adjustment (loneliness, depressiveness, and SWL) and their trajectories of ICT use 

(instrumental ICT, social ICT, and media ICT), we estimated three multivariate second-order 

latent growth curve models (see Figure 2). Because loneliness was measured differently in 2012, 

analyses involving loneliness cover the years 2013 to 2017. 
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Figure 2. Path diagram for multivariate latent growth curve model. 

 

Note. ICT = Information and Communications Technology. Psych. Adjust = Psychological 

Adjustment. The upper half of the figure depicts a generic measurement and growth model for 

each of the three psychological adjustment variables. The lower half of the figure depicts a 

generic growth model for each of the three ICT use variable clusters. Black paths correspond to 

the focal parameters reported in Table 1. Not depicted: item residuals are correlated across 

measurement waves. 

  

Overall, these models fit the data medium-well, with good RMSEAs and somewhat poor 

CFIs (RMSEAS = .033-.035; CFIs = .805-.828; Table S1.7). Results indicated that psychological 

adjustment was generally unassociated with ICT use, both cross-sectionally and longitudinally 

(Table 1). Of the 36 associations examined, only three (8%) were significant at p < .01. We 

found one significant cross-sectional association: At baseline, participants who used instrumental 

ICT more tended to be less depressed. The lack of cross-sectional associations provides evidence 

against our hypothesis that older adults who are better adjusted would be more likely to use ICT. 
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We also did not find any significant selection effects. That is, in contrast with our hypothesis, 

baseline levels of psychological adjustment did not predict subsequent increases in ICT use. 

However, we did find two significant socialization effects. First, participants who used 

instrumental ICT more frequently at baseline tended to decrease in depressiveness, which was 

consistent with our hypotheses. Second, contrary to our predictions, participants who consumed 

more media ICT at baseline tended to decrease more rapidly in SWL. Overall, these results 

provide evidence against our hypothesis that older adults who use ICT more frequently would be 

less likely to decline in psychological adjustment. Finally, we did not find significant correlated 

change between any aspect of psychological adjustment and any cluster of ICT use. This 

provides evidence against providing evidence against our hypothesis that older adults who 

decreased in ICT use would be more likely to decline in psychological adjustment and vice-

versa. 
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Table 1. Results of Multivariate Latent Growth Curve Models 

   ICT Variable 

 Covariance Path Media Social Instrumental 

Adjustment 

Variable 

Adjustment 

Parameter 

ICT 

Parameter B p 95% CI B p 95% CI B p 95% CI 

Loneliness Int. Int. .071 .045 [.002, .141] .066 .072 [-.006, .139] -.024 .445 [-.084, .037] 

(N = 2,210) Int. Slope .037 .432 [-.055, .129] .048 .358 [-.054, .149] .051 .163 [-.021, .122] 

 
Slope Int. -.029 .673 [-.161, .104] -.022 .719 [-.144, .099] .065 .233 [-.042, .171] 

 
Slope Slope -.041 .338 [-.125, .043] -.070 .223 [-.182, .042] -.081 .018 [-.148, -.014] 

SWL Int. Int. .013 .696 [-.050, .075] -.058 .084 [-.125, .008] .038 .182 [-.018, .093] 

(N = 2,357) Int. Slope -.011 .796 [-.095, .073] -.005 .913 [-.100, .090] -.049 .156 [-.117, .019] 

 
Slope Int. -.158 .005 [-.267, -.049] .076 .130 [-.022, .174] .087 .056 [-.002, .177] 

 
Slope Slope .038 .291 [-.033, .109] -.042 .386 [-.136, .053] .030 .321 [-.030, .091] 

Depressive- Int. Int. -.069 .040 [-.136, -.003] .051 .157 [-.019, .121] -.112 <.001 [-.170, -.053] 
ness Int. Slope .058 .189 [-.029, .145] .075 .132 [-.023, .172] .098 .006 [.027, .168] 
(N = 2,338) Slope Int. .071 .222 [-.043, .185] -.010 .855 [-.113, .094] -.056 .244 [-.151, .038] 

 
Slope Slope -.031 .373 [-.099, .037] -.043 .339 [-.132, .046] -.037 .206 [-.095, .021] 

Note. ICT = Information and Communications Technology. SWL = Satisfaction With Life. Int. = Intercept. Bolded results are 
significant at p < .01. ** = p < .01, *** = p < .001. 
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We then estimated extensions of these models that included five time-invariant 

covariates: age, gender, education, average subjective health, and average mobility. We 

regressed levels and change in all ICT use and psychological adjustment variables onto these 

covariates simultaneously. We then examined whether controlling for these variables attenuated 

effects. After including these covariates, the association between baseline levels of media ICT 

use and change in SWL remained similar in magnitude (B = -.158, p = .005, 95%CI [-.269, -

.047]), but associations between depressiveness and instrumental ICT use were no longer 

significant (Table S1.8). To better understand this attenuation, we examined whether covariates 

were significantly associated with levels and change in depressiveness and instrumental ICT use. 

Participants who were male, younger, more educated, and more mobile tended to use 

instrumental ICT more at baseline (ps < .01), and participants who were male, more mobile, and 

subjectively healthier tended to be less depressed at baseline (ps < .01). This suggests that 

correlations between depressiveness and instrumental ICT use were to some extent driven by 

gender and mobility. These results provide support for our pre-registered hypothesis that co-

development between ICT use and psychological adjustment would be partially explained by 

variables related to technology access and health. 

 Finally, we conducted model comparison tests to examine whether correlations with 

psychological adjustment differed across the three ICT use clusters. For loneliness, constraining 

covariance paths to be equal across the three ICT use clusters did not significantly decrease 

model fit (p = .19), but these constraints worsened fit for the SWL model (p = .005) and 

depressiveness model (p <.001). These results indicate that SWL was more highly associated 

with media ICT use than social or instrumental ICT use, and depressiveness was more highly 

associated with instrumental ICT use than social or media ICT use, providing support for our 
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pre-registered hypothesis that aspects of psychological adjustment would be differentially 

associated with different ICT behaviors. However, contrary to our hypotheses, associations were 

not stronger for social ICT use. 

Temporal patterns of co-development between ICT use and psychological adjustment 

 In our second set of analyses, we investigated whether change in ICT use predicted future 

change in psychological adjustment, and vice-versa. To do this, we estimated nine Random-

Intercept Cross-Lagged Panel Models (RI-CLPMs; Hamaker et al., 2015; see Figure 3).  

 

Figure 3. Path diagram for random-intercepts cross-lagged panel model

 

Note. Solid lines indicate paths estimated in the initial cross-lagged model. Dotted lines indicate 

paths added when estimating the random-intercepts cross-lagged panel model. P. Adj. = 

Psychological Adjustment. ICT = Information and Communications Technology. Int = 

Intercept/Baseline level.  […] = measures between 2013 and 2016 were not depicted but are 

included in the model. Not depicted: item residuals are correlated across measurement waves; 
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autoregressive paths, correlated change, and cross-lagged paths are constrained to be equal 

across measurement waves.  

 

We first estimated an autoregressive structure for each variable across all measurement 

waves, which describes the temporal stability of each variable. Each of the three psychological 

adjustment variables were highly stable from year to year (loneliness r = .86, SWL r = .83, 

depressiveness r = .77). Interestingly, ICT use was also highly stable (Instrumental ICT r = .73, 

Social ICT r = .84, Media ICT r = .83).   

 We then extended these autoregressive structures into nine CLPMs (Rogosa, 1980), one 

for each combination of psychological adjustment and ICT use. These models describe 

temporally-lagged relative co-development (e.g., do older adults who use media ICT more 

frequently than others tend to become less lonely in the future?). Overall, these models fit the 

data well (RMSEAS = .027-.044; CFIs = .857-.955; Table S1.7). Across these nine models, a 

single path was significant: higher scores on media ICT use predicted higher depressiveness at 

the next assessment (B = -.025, 95% CI [-.043, -.007], p = .005; Table S1.9). 

 Finally, we extended each CLPM into a RI-CLPM by estimating a random intercept for 

each variable across measurement occasions. These models adjust for individual differences in 

ICT use and psychological adjustment and thus allow us to investigate whether a person’s 

deviation from their average level of ICT use predicts future deviation from their average level 

of psychological adjustment, and vice-versa (e.g. when older adults use media ICT more 

frequently than they usually do, are they likely to become less lonely than usual?). These models 

fit the data well (RMSEAs = .025-.043; CFIs = .870-.966; Table S1.7). Across these nine 

models, no cross-lagged nor correlated change paths were significant at p < .01 (Table 2). These 

findings provide evidence against our final hypotheses: changes in ICT use did not predict 
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changes in psychological adjustment, nor did changes in psychological adjustment predict 

changes in ICT use. 
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Table 2. Results of Random-Intercepts Cross Lagged Panel Models 

Adjustment 
variable 

ICT 
Variable 

 Lagged Path: Adj. -> ICT Lagged Path: ICT -> Adj. Correlated Change Path 
N B p 95% CI B p 95% CI B p 95% CI 

Loneliness Instrumental 2,210 -.002 .935 [-.043, .040] .004 .811 [-.029, .037] -.046 .068 [-.096, .003] 
Loneliness Social 2,210 -.041 .184 [-.102, .020] -.024 .147 [-.057, .008] -.032 .347 [-.100, .035] 
Loneliness Media 2,210 -.036 .253 [-.099, .026] .016 .563 [-.039, .072] -.009 .857 [-.109, .091] 
SWL Instrumental 2,357 -.015 .367 [-.049, .018] .022 .141 [-.007, .051] .010 .655 [-.034, .054] 
SWL Social 2,357 .029 .392 [-.037, .095] -.003 .872 [-.042, .036] .028 .593 [-.075, .131] 
SWL Media 2,357 .020 .340 [-.021, .061] -.014 .490 [-.052, .025] .023 .393 [-.030, .075] 
Depressiveness Instrumental 2,338 .039 .024 [.005, .073] .010 .585 [-.025, .045] -.006 .781 [-.052, .039] 
Depressiveness Social 2,338 -.009 .803 [-.080, .062] -.017 .423 [-.058, .025] -.061 .272 [-.169, .048] 
Depressiveness Media 2,338 -.017 .423 [-.058, .024] -.028 .291 [-.080, .024] -.033 .245 [-.088, .023] 

Note. Adj. = Adjustment. ICT = Information and Communications Technology. SWL = Satisfaction With Life. In each model, lagged 

paths and correlated change paths were constrained to be equal across assessment waves.  
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Discussion 

 In this study, we tested the co-development between ICT use and psychological 

adjustment in older adulthood. In contrast with theory and our pre-registered hypotheses, we 

found little evidence for associations between these two domains. Across three ICT clusters 

(media, instrumental, and social) and three aspects of psychological adjustment (loneliness, 

SWL, and depressiveness), technology use and adjustment were generally uncorrelated at 

baseline and did not change in tandem over the 6-year study period. Furthermore, change in a 

person’s ICT use did not predict future change in their psychological adjustment (and vice-

versa). Taken as a whole, these results provide strong evidence against selection effects, 

socialization effects, and correlated change between the two. We discuss implications of these 

findings for theory and interventions. 

Implications for Theories of Aging 

Theories of aging suggest that technology use may buffer older adults from health-related 

declines in psychological adjustment (Atchley, 1989; Baltes, 1997). Specifically, older adults 

with reduced functioning may have difficulty maintaining social connections and independently 

carrying out their daily routines, leading to increases in loneliness and depressiveness and 

declines in SWL. ICT has been theorized to help older adults socialize and live autonomously, 

affording continuity in these behaviors and thus continuity in psychological adjustment. 

However, the null findings of this study provide little support for this hypothesis, despite 

widespread increases in the availability and use of ICT across the years 2012-2017. In fact, 

participants with greater mobility problems at baseline tended to use instrumental ICT less 

frequently, which suggests that adults with more problems who might benefit the most from ICT 

use are the ones who use it least. More work is needed to refine predictions about when, how, 
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and for whom ICT use may benefit psychological adjustment. For example, an older adult with 

arthritis may have difficulty emailing with a keyboard and mouse, but a voice-controlled form of 

email may allow them to effectively utilize this technology to communicate with others (Brewer 

et al., 2016). 

A lack of significant associations between ICT use and psychological adjustment in older 

adulthood does not mean that ICT use plays no role in psychological aging. Past theory suggests 

that cognitively enriching activity may buffer against declines in cognitive engagement (Ziegler 

et al.,2015). Especially among this current cohort of older adults, who view ICT as a novel, 

intellectually demanding behavior, ICT use may be associated with the development of cognitive 

engagement. This possibility can be investigated in future research.  

Implications for Interventions 

Despite the few significant effects in the present study, we found preliminary evidence 

that associations with psychological adjustment may differ across ICT use behaviors. 

Specifically, of the three significant associations, two linked instrumental ICT use with 

depressiveness. Older adults who used instrumental ICT more frequently at baseline were less 

depressed at baseline and tended to decrease in depressiveness over the study period. However, 

these associations were no longer significant after controlling for indicators of age and 

technology access. Although we refrain from interpreting these specific findings until they are 

replicated in future research, these results broadly indicate that different types of internet 

technology may not be psychologically interchangeable. Intervention researchers may wish to 

carefully tailor their ICT interventions to the area of psychological adjustment they wish to 

improve. 
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The magnitude of effects we found in this study can also inform interventions. The few 

significant effects we found were small in magnitude (with effect sizes in the range of B = .10-

.15; Funder & Ozer, 2019). Smaller effects require larger samples and more precise measurement 

to detect. Unfortunately, most past interventions were vastly underpowered to detect effects of 

this size. Recent ICT interventions have boosted the evidentiary value of findings by including 

carefully-designed control conditions and follow-ups to examine whether effects persist (e.g. 

Shillair et al., 2015). Despite these improvements, it may still be necessary to collect larger 

samples to make the results of these interventions truly informative. Multi-site collaboration 

efforts may be particularly useful toward this end.  

Limitations  

Two major limitations to our findings must be considered. First, ICT use was self-reported in this 

study. Past research has identified that self-reports of technology use do not correspond highly 

with objective indexes of technology use (Ellis et al., 2019). Although they might not capture 

objective reality, ICT self-reports in this study demonstrated high test-retest reliability as well as 

convergent and divergent validity. This indicates that they may nonetheless capture a valid 

psychological reality (e.g. the meaningfulness or memorability of a behavior) that is important 

regardless of its match to objective behavior. For example, a Skype call with family members 

may be much more memorable (and over-reported, compared to objective behavior) than 

resetting passwords through email (a rote behavior that may be under-reported). Future research 

on the psychological correlates of self-reported and objectively measured ICT use can shed 

further light on this issue.  

 Additionally, the findings of this study are derived from observational data and therefore 

do not translate directly into experimental contexts. Participants in our nationally representative 
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sample may differ in important ways from those of a selected intervention sample, and this may 

lead to differences in results. For example, a social media intervention for lonely, offline older 

adults who live far from their loved ones may be particularly efficacious, as it targets a specific 

concern that is easily addressed by ICT. 

Conclusion 

In this study, we tested the connection between ICT use and psychological adjustment in older 

adults by examining their co-development across a 6-year period in a representative Dutch 

sample. Our results contradicted our hypotheses and indicated that ICT use and psychological 

adjustment were mostly unrelated to each other. Theories of personality development posit that it 

may take a large environmental shock to affect broad traits in a lasting way (Roberts, 2018), and 

this finding may apply as well to the psychological adjustment of older adults. That is, learning 

to use ICT may confer temporary, narrow benefits, but, from the results of this research and past 

high-quality interventions (Anderson & Perrin, 2017; Selwyn et al., 2003; Shillair et al., 2015), 

ICT use appears unlikely to broadly affect older adults’ psychological adjustment. 
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Supplemental Material  

 

Deviations from Pre-registration 

 In this section, we detail deviations from the pre-registration (found at osf.io/tq5cy) in the 

final paper. There were four deviations from the pre-registration.  

First, ICT use was not measured in 2018 due to planned missingness in data collection, 

which was unknown to the authors. Analyses thus range from 2012-2017 instead of 2012-2018. 

Second, loneliness was measured differently in 2012 in a way that made comparisons 

with other years impossible (Instead of response options 1-yes, 2-more or less, 3-no, in 2012 

loneliness was measured using 1-yes, 2-no, 3-unsure/don’t know). We therefore omitted all 2012 

loneliness data from analyses. 

Third, in multivariate growth curve models, we planned to investigate subjective health 

and mobility as time-varying covariates. However, models including these time-varying 

covariates did not converge. We instead computed average subjective health and mobility scores 

across the study period and examined these variables as time-invariant covariates. 

Fourth, we planned to conduct simulation-based sensitivity analyses to supplement our 

RMSEA-based power analyses. However, estimates from these sensitivity analyses were 

unreliable and did not provide clear information about the power of the present analyses to detect 

effects. We therefore omitted them from the final manuscript.
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Table S1.1: Disclosure of data access before pre-registration 

Question Answer Notes 
1- Can you document that all team members have never had any 
exposure to data before pre-reg? 

No  

2- Do you assert that all team members have never had any exposure to 
data before pre-reg? 

No  

3- Did the author of the pre-reg document have exposure to the data 
before pre-reg? 

Yes  

4- Have the authors of the paper had exposure to any primary variables 
before pre-reg? 

Yes Ms and SDs calculated for all variables 
in 2012; Ns calculated for all years 

5- Have the authors had exposure to all primary variables before pre-
reg? 

Yes  

6- Have the authors done any analyses examining associations between 
primary variables before pre-reg? 

No  

7- Do the primary analyses involve data from new assessment waves?  No  
8- Have the authors had exposure to variables in the same dataset that 
may correlate with variables used in the present analyses?  

Yes Self-esteem (Bleidorn & Schwaba, 
2018) 

9- Are the authors analyzing data from a hold-out subset? No  
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Figure S1.1. ICT Use Flowchart 

 

  

Do you use the internet on 
either… 

1) A computer
2) a laptop
3) A tablet

4) A smartphone

Questions

Do you spend time…
.. Reading and viewing 

social media?

Yes to at 
least 1

x14 behaviors

How many hours do you 
spend weekly…

.. Reading and viewing social 
media?

x1-14 behaviors

For each yes

0 for ALL ICT 
behaviors

0 for that 
specific ICT 

behavior

Number log-
transformed = 

hours spent on ICT 
behavior

0-112

For each no

No to all 4

Variable Score
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Power Analyses 

We computed an a priori estimate of this study’s power to detect significant associations 

between multivariate latent growth curve parameters using the method outlined in MacCallum, 

Browne, and Cai (2006). This method tests the power to detect differences in Root Mean 

Squared Error Approximation (RMSEA) model fit between two nested models. Specifically, 

given an alpha of .05, a sample of 2,922, and a difference in model df of 1 (i.e. the two models 

differ in one parameter, a covariance that is estimated in one model and constrained to 0 in the 

other), we estimated how power varied as a function of different plausible estimates for 1) the 

number of total degrees of freedom in the models, and 2) the change in RMSEA model fit 

between the two nested models. With estimates based off Schwaba et al. (2018) of a change from 

495 to 494 df and a change in RMSEA from .0134 to .0132, this method indicates 61.3% power 

to detect change in a covariance parameter at p = .01. 

 

Measurement Invariance 

 To examine whether scale scores were comparable across assessment waves, we 

estimated measurement invariance separately for each ICT use and psychological adjustment 

variable, following the method proposed in Vandenberg & Lance (2000). To do this, we first 

estimated a latent variable at each assessment wave using its items as indicators. We then 

conducted measurement invariance tests by constraining, sequentially, overall model 

configuration, factor loadings, and indicator intercepts to be equal across assessment waves, 

examining change in RMSEA and CFI at each step. We present results of these measurement 

invariance tests in Table S1.5. In all tests but one, change in fit was smaller than the .01 cutoff 

proposed by Cheung & Rensvold (2002). Specifically, constraining Social ICT indicator 



 
 

   36 
 

intercepts to be equal across the study period led to a decrease in CFI of .016. This misfit is 

driven by noninvariant change in mean levels of reading blogs; although each other social ICT 

behavior increases in prevalence across the study period, reading blogs remains stable in 

prevalence. Though this change in fit is not substantial, one may wish to interpret results of 

analyses involving mean levels of social ICT with some caution. 
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Table S1.2. Descriptive Information 

 2012  2013  2014  

 N M SD ωh ωt N M SD ωh ωt N M SD ωh ωt 

Loneliness 0 0 0 0 0 1480 1.29 0.36 0.60 0.86 1682 1.29 0.35 0.58 0.85 

SWL 1474 5.15 1.02 0.83 0.91 1480 5.19 1.01 0.85 0.90 1682 5.16 1 0.85 0.91 

Depressiveness 1474 2.17 0.81 0.72 0.88 1480 2.11 0.79 0.68 0.87 0 0 0 0 0 

Social ICT 1474 0.45 0.91 0.46 0.53 1480 0.49 0.94 0.47 0.50 1682 0.74 1.19 0.48 0.54 

Media ICT 1474 0.73 1.17 0.46 0.67 1480 0.78 1.18 0.48 0.69 1682 0.63 1.02 0.36 0.54 

Instrumental ICT 1474 2.51 1.99 0.68 0.84 1480 2.54 1.96 0.67 0.83 1682 2.61 1.98 0.71 0.84 

 2015  2016  2017  

 N M SD ωh ωt N M SD ωh ωt N M SD ωh ωt 

Loneliness 1648 1.30 0.36 0.61 0.85 1604 1.28 0.36 0.60 0.87 1633 1.29 0.36 0.61 0.87 

SWL 1648 5.17 1.01 0.84 0.91 0 0 0 0 0 1633 5.14 1.05 0.86 0.91 

Depressiveness 1648 2.11 0.75 0.82 0.89 1604 2.11 0.76 0.82 0.89 1633 2.09 0.77 0.74 0.89 

Social ICT 1648 0.96 1.35 0.03 0.38 1604 1.08 1.35 0.05 0.15 1633 1.10 1.37 0.27 0.51 

Media ICT 1648 0.70 1.08 0.43 0.60 1604 0.80 1.14 0.41 0.56 1633 0.81 1.19 0.37 0.64 

Instrumental ICT 1648 2.77 2.02 0.68 0.83 1604 2.96 2.04 0.65 0.82 1633 2.84 2.09 0.68 0.83 

Note. ICT use variables were log-transformed. Loneliness, SWL, and Depressiveness are conceptualized as reflective latent variables 

and are expected to demonstrate high internal reliabilities consistent with a causal latent variable. ICT use clusters are conceptualized 

as formative latent variables and are not expected to demonstrate high internal reliability, consistent with a latent variable caused by 

its indicator behaviors.  

  



 
 

   

 
3
8 

Table S1.3. Item-level ICT Descriptive Information 

 2012 (N = 1435) 2013 (N = 1452) 2014 (N = 1638) 2015 (N = 1624) 2016 (N = 1602) 2017 (N = 1511) 
 M SD 0s M SD 0s M SD 0s M SD 0s M SD 0s M SD 0s 
Email 0.88 0.69 367 0.88 0.69 358 0.92 0.7 376 0.94 0.7 325 0.95 0.7 303 0.99 0.69 238 
Search for Info 0.69 0.62 451 0.68 0.61 469 0.69 0.6 509 0.72 0.63 470 0.76 0.64 409 0.78 0.61 323 
Search for Products 0.41 0.50 755 0.43 0.52 737 0.42 0.49 838 0.43 0.51 812 0.48 0.55 737 0.52 0.52 582 
Shop Online 0.16 0.34 1127 0.17 0.34 1126 0.19 0.37 1234 0.21 0.39 1193 0.24 0.4 1111 0.25 0.37 947 
Bank Online 0.44 0.47 678 0.44 0.46 675 0.47 0.5 714 0.5 0.53 662 0.53 0.5 591 0.54 0.52 485 
Play Games Online 0.26 0.62 1157 0.27 0.62 1164 0.31 0.68 1299 0.34 0.72 1263 0.35 0.72 1234 0.34 0.73 1175 
Read News Online 0.30 0.54 1018 0.35 0.58 963 0.35 0.57 1091 0.39 0.61 1052 0.45 0.65 960 0.5 0.67 835 
Read Newsgroups  0.10 0.31 1279 0.1 0.32 1298 0.1 0.32 1457 0.12 0.33 1417 0.13 0.35 1383 0.14 0.37 1281 
Skype 0.04 0.20 1373 0.04 0.19 1391 0.15 0.38 1379 0.24 0.49 1220 0.32 0.52 1070 0.39 0.56 893 
Use Forums 0.04 0.20 1378 0.04 0.21 1389 0.02 0.14 1611 0.02 0.16 1587 0.03 0.17 1558 0.02 0.15 1469 
Watch Media 0.22 0.44 1081 0.23 0.41 1066 0.11 0.38 1466 0.12 0.39 1446 0.14 0.42 1401 0.15 0.46 1305 
Download Media 0.09 0.33 1304 0.08 0.31 1324 0.07 0.3 1524 0.07 0.26 1504 0.07 0.26 1478 0.06 0.25 1398 
Use Social Media 0.12 0.38 1272 0.16 0.43 1227 0.26 0.56 1264 0.35 0.62 1123 0.38 0.64 1071 0.43 0.67 934 
Read/Write Blogs 0.04 0.19 1374 0.03 0.18 1395 0.04 0.2 1555 0.04 0.22 1543 0.04 0.19 1527 0.03 0.17 1455 

Note: Time is in units of log hours per week. 0s = number of participants who did not use that ICT. 
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Table S1.4. Rotated factor loadings and intercorrelations for the three-factor model of ICT use in 2012 

Item Factor 1  

(Instrumental) 

Factor 2  

(Media) 

Factor 2  

(Social) 

Searching for products  .72    .08 -.04 

Searching for information .71 .04 -.02 

Banking .66 -.10 .00 

Email .64 -.03 .08 

Shopping .55 .02 .04 

Using newsgroups -.05 .66 .00 

Reading the news .19 .48 .03 

Using forums .02 .33 .12 

Watching media .22 .28 .22 

Downloading media .22 .28 -.02 

Skyping -02 -.04 .62 
Blogging -.08 .14 .47 

Social Media .15 -.01 .44 
Playing Games .06 .01 .25 

    
Instrumental --   

Media .43 --  
Social .30 .35 -- 

Note. The largest loading in each row is bolded. 
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Table S1.5. Results of Measurement Invariance Tests 

Trait Invariance df Chi-Sq. CFI RMSEA 95% CI 

Loneliness Configural 335 3908.31 .841 .070 [.068, .071] 

 Factors 355 3785.13 .848 .066 [.064, .068] 

 Intercepts 375 3806.64 .848 .064 [.063, .066] 

SWL Configural 215 848.15 .979 .036 [.034, .039] 

 Factors 231 875.77 .978 .035 [.033, .038] 

 Intercepts 247 911.02 .978 .035 [.032, .037] 

Depressiveness Configural 215 1098.36 .958 .044 [.041, .046] 

 Factors 231 1120.99 .957 .042 [.040, .045] 

 Intercepts 247 1198.74 .954 .042 [.040, .045] 

Social ICT Configural 177 356.21 .986 .021 [.018, .024] 

 Factors 192 602.39 .968 .030 [.028, .033] 

 Intercepts 207 849.33 .951 .036 [.034, .039] 

Media ICT Configural 315 1087.16 .948 .032 [.030, .035] 

 Factors 335 1218.39 .940 .034 [.032, .036] 

 Intercepts 355 1480.21 .924 .037 [.035, .039] 

Instrumental 

ICT Configural 315 1231.30 .958 .035 [.033, .037] 

 Factors 335 1260.97 .958 .034 [.032, .036] 

 Intercepts 355 1334.53 .956 .034 [.032, .036] 

 

Note. df = degrees of freedom. Chi-sq. = Chi-Square. CFI = Confirmatory Fit Index. RMSEA = Root Mean Square Error of 

Approximation. 
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Figure S1.2. Path diagram for univariate Growth Curve models. 

 
Note. Meas = Measure. Int. = Intercept/Baseline level. Measures between 2013 and 2016 are not depicted but were included in the 

model. a and b signify that factor loadings were set equal across time in accordance with measurement invariance test results.  
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Figure S1.3. Developmental Trajectories of ICT use and psychological adjustment variables over the study period. 

 

Note. ICT = Information and Communications Technology. SWL = Satisfaction With Life. ** = p < .01. *** = p < .001. For ICT use, 

raw means per year are plotted. For psychological adjustment, model-implied growth curve trajectories are plotted. 
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Table S1.6. Results of Univariate Latent Growth Curves 

  Intercept M Intercept Variance    

Variable N M p 95% CI M p 95% CI    

Loneliness 2,207 -.007 .587 [-.033, .019] .272 <.001 [.232, .311]    

SWL 2,254 -.007 .718 [-.047, .033] .749 <.001 [.690, .807]    

Depressiveness 2,160 -.007 .705 [-.042, .028] .490 <.001 [.441, .540]    

Social ICT 2,335 .113 <.001 [.096, .130] .036 <.001 [.028, .044]    

Media ICT 2,335 .150 <.001 [.137, .164] .032 <.001 [.027, .036]    

Instrumental ICT 2,335 .867 <.001 [.837, .897] .291 <.001 [.266, .315]    

  Slope M Slope Variance r(Intercept, Slope) 

  M p 95% CI M p 95% CI M p 95% CI 

Loneliness 2,207 .002 .512 [-.003, .007] .006 <.001 [.005, .008] -.388 <.001 [-.450, -.326] 

SWL 2,254 -.014 .003 [-.022, -.005] .027 <.001 [.024, .030] -.356 <.001 [-.407, -.304] 

Depressiveness 2,160 .001 .782 [-.007, .009] .017 <.001 [.015, .019] -.498 <.001 [-.546, -.449] 

Social ICT 2,335 .043 <.001 [.039, .048] .002 <.001 [.002, .003] .097 .159 [-.038, .231] 

Media ICT 2,335 .004 .007 [.001, .007] .001 <.001 [.001, .002] -.486 <.001 [-.555, -.416] 

Instrumental ICT 2,335 .007 .028 [.001, .013] .010 <.001 [.008, .011] -.426 <.001 [-.482, -.370] 

Note. Loneliness, Satisfaction With Life, and Depressiveness were grand-mean standardized. ICT use variables were log-transformed 

to account for skew. 
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Table S1.7. Multivariate Model Fits 

 df Chi-Sq. CFI RMSEA 95% CI 

CLPMs       

Loneliness/Instr. ICT 1351 6419.91 .875 .041 [.040, .042] 

Loneliness/Social ICT 1105 5885.47 .857 .044 [.043, .045] 

Loneliness/Media ICT 1353 6038.09 .862 .040 [.039, .041] 

SWL/Instr. ICT 1336 3845.30 .952 .028 [.027, .029] 

SWL/Social ICT 1046 3005.25 .955 .028 [.027, .029] 

SWL/Medial ICT 1337 3935.01 .942 .029 [.028, .030] 

Dep./Instr. ICT 1336 4118.57 .935 .030 [.029, .031] 

Dep/Social ICT 1046 3309.39 .933 .030 [.029, .032] 

Dep/Media ICT 1337 3558.56 .938 .027 [.026, .028] 

RI-CLPMs       

Loneliness/Instr. ICT 1348 5731.19 .892 .038 [.037, .039] 

Loneliness/Social ICT 1102 5524.53 .868 .043 [.041, .044] 

Loneliness/Media ICT 1350 5769.37 .870 .038 [.037, .040] 

SWL/Instr. ICT 1333 3093.13 .966 .024 [.023, .025] 

SWL/Social ICT 1043 2732.31 .961 .026 [.025, .027] 

SWL/Medial ICT 1334 3655.13 .948 .027 [.026, .028] 

Dep./Instr. ICT 1333 3309.53 .954 .025 [.024, .026] 

Dep/Social ICT 1043 2996.30 .943 .028 [.027, .029] 

Dep/Media ICT 1334 3230.11 .947 .025 [.024, .026] 

Multivariate LGCs       

Loneliness  4796 17783.57 .805 .035 [.034, .036] 

SWL 5682 20220.30 .828 .033 [.032, .033] 

Depressiveness 5682 20100.28 .809 .033 [.032, .033] 

Note. df = degrees of freedom. Chi-sq. = Chi-Square. CFI = Confirmatory Fit Index. RMSEA = Root Mean Square Error of 

Approximation.  CLPMs = Cross-Lagged Panel Models. RI-CLPMs = Random Intercept Cross Lagged Panel Models. LGCs = Latent 

Growth Curves. Instr. = Instrumental. Dep. = Depressiveness.
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Table S1.8. Results of Multivariate Growth Curve Models with Covariates Included 

   ICT Variable 

 Covariance Path Media Social Instrumental 
Adjustment 

Variable 
Adjustment 
Parameter 

ICT 
Parameter B p 95% CI B p 95% CI B p 95% CI 

Loneliness Int. Int. .069 .063 [-.004, .141] .065 .092 [-.011, .140] -.011 .739 [-.074, .052] 

 Int. Slope .044 .360 [-.051, .139] .054 .302 [-.049, .158] .048 .195 [-.025, .122] 

 Slope Int. -.038 .589 [-.177, .101] -.021 .763 [-.158, .116] .083 .170 [-.035, .201] 

 Slope Slope -.035 .408 [-.118, .048] -.054 .359 [-.168, .061] -.075 .025 [-.14, -.01] 

SWL Int. Int. -.004 .896 [-.071, .062] -.037 .293 [-.107, .032] -.022 .466 [-.081, .037] 

 Int. Slope .004 .939 [-.089, .096] .022 .677 [-.080, .123] .001 .982 [-.074, .076] 

 Slope Int. -.157 .006 [-.267, -.046] .094 .080 [-.011, .199] .046 .357 [-.052, .144] 

 Slope Slope .028 .419 [-.040, .095] -.039 .411 [-.130, .053] .024 .408 [-.032, .08] 

Depressive- Int. Int. -.032 .369 [-.102, .038] .032 .398 [-.042, .105] -.023 .467 [-.086, .04] 
ness Int. Slope .057 .261 [-.042, .157] .070 .209 [-.039, .178] .061 .142 [-.02, .141] 
 Slope Int. .065 .272 [-.051, .181] -.021 .707 [-.132, .090] -.023 .657 [-.127, .08] 

 Slope Slope -.009 .788 [-.073, .056] -.035 .422 [-.119, .050] -.034 .210 [-.088, .019] 
Note. Covariates are age, sex, education, mobility, and subjective health. ICT = Information and Communications Technology. SWL 

= Satisfaction With Life. Int. = Intercept. Bolded results are significant at p < .01. ** = p < .01, *** = p < .001. N for each analysis can 

be found in Table S7.  
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Table S1.9. Results of Cross Lagged Panel Models 

Adjustment 
variable 

ICT 
Variable 

 Path: Adjustment -> ICT Path: ICT -> Adjustment Path: Correlated Change 
N B p 95% CI B p 95% CI B p 95% CI 

Loneliness Instrumental 2,210 .008 .452 [-.013, .030] -.008 .376 [-.027, .010] -.048 .056 [-.096, .001] 
Loneliness Social 2,210 .016 .273 [-.012, .044] -.008 .443 [-.027, .012] .008 .807 [-.054, .070] 
Loneliness Media 2,210 .025 .051 [.000, .050] .016 .172 [-.007, .038] .006 .898 [-.087, .099] 
SWL Instrumental 2,357 -.008 .413 [-.026, .011] .009 .264 [-.007, .024] .007 .705 [-.031, .046] 
SWL Social 2,357 -.002 .889 [-.032, .028] -.012 .190 [-.031, .006] .040 .368 [-.047, .127] 
SWL Media 2,357 -.003 .770 [-.020, .015] -.018 .051 [-.035, .000] .034 .178 [-.015, .083] 
Depressiveness Instrumental 2,338 -.001 .948 [-.022, .020] -.025 .005** [-.043, -.007] -.018 .380 [-.057, .022] 
Depressiveness Social 2,338 .025 .148 [-.009, .058] .008 .488 [-.015, .031] -.033 .512 [-.133, .066] 
Depressiveness Media 2,338 .005 .615 [-.016, .026] -.005 .602 [-.025, .015] -.028 .266 [-.077, .021] 

Note. ICT = Information and Communications Technology. SWL = Satisfaction With Life. Bolded results are significant at p < .01. ** 

= p < .01. 
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Table S1.10. Correlations between SimPC provision, internet use, and demographic variables in 2012. 

 

Provided  

with SimPC 

(0 = no, 1 = yes) 

Online 

(0 = no, 1 = yes) 

Loneliness NA NA 

SWL -.03 .02 

Depressiveness .06 -.09* 

Social ICT -.05 NA 

Media ICT -.09* NA 

Instrumental ICT -.30*** NA 

Age .23*** -.18*** 

Education -.22*** .21*** 

Female .10** -.14*** 

Mobility Problems .11** -.13*** 

Subjective Health -.11** .10* 

Online -.27*** NA 

Note. LISS participants who did not have access to the internet were provided with a SimPC to complete surveys. Loneliness was not 

measured in 2012 
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Chapter 2 

Co-development between cognitive engagement and internet use  

 

Cite: Schwaba, T. & Bleidorn, W. (under review). Technology use and cognitive engagement in 
older adulthood.  
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Introduction 

Individual differences in cognitive engagement reflect dispositional tendencies to seek 

intellectual stimulation, think in broad and deep ways, and approach novel concepts (Cacioppo & 

Petty, 1982; McCrae & Sutin, 2009). Older adults who are more cognitively engaged have higher 

levels of daily mental functioning (Hill et al., 2020), live longer (Graham et al., 2017), and find 

more meaning in life (Lilgendahl et al., 2013). Though most people experience declines in 

cognitive engagement in older adulthood, some do not (Baer et al., 2013; Roberts et al., 2006; 

Schwaba et al., 2018). What explains these differences in development? 

One common behavior that may be associated with late-life development of cognitive 

engagement is use of Information and Communications Technology (ICT) like social media, 

email, and internet search. ICT use has become increasingly ubiquitous among older adults, 

rising from 40% to 73% in the US over just the last decade (Pew Research Internet/Broadband 

Fact Sheet, 2019). Cross-sectional research has established that ICT use is associated with 

cognitive engagement among older adults (Chopik et al., 2017; Correa et al., 2010; Hope et al., 

2014; Morris et al., 2007; Vroman et al., 2015). However, no longitudinal research to date has 

tested whether the two are developmentally linked1. To understand the role that ICT use plays in 

the development of cognitive engagement and the mechanisms underlying these associations, 

longitudinal studies are needed that track the real-world development of cognitive engagement 

alongside a wide variety of different ICT over years among large samples.  

We hypothesize that high levels of cognitive engagement may drive older adults to learn 

and use ICT. Specifically, older adults who are highly cognitively engaged may be more likely to 

 
1 It is important to distinguish cognitive engagement from cognitive ability. The former is a dispositional 
measure of behavior and identity, whereas the latter measures test performance. The two are only 
moderately correlated (r = .30; DeYoung et al., 2005). A large body of intervention research indicates no 
effect of technology use on cognitive ability (Simons et al., 2016).  
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learn and use ICT because of its information-gathering and exploratory affordances (McCrae & 

Sutin, 2009; Schwaba, 2019; Ziegler et al., 2015). Especially for current cohorts of older adults 

who grew up before the internet existed, the perceived novelty and intellectual challenge of ICT 

use (Morris et al., 2007) may also be attractive to older adults with high levels of cognitive 

engagement and repellent to those who are less cognitively engaged.  

Reciprocally, habitual ICT use may facilitate sustained high levels of cognitive 

engagement. According to recent models of personality development, repeated trait-relevant 

behavior may coalesce into personality trait change (Wrzus & Roberts, 2017). By this logic, 

older adults who learn and use ICT may frequently put themselves into highly cognitively 

engaged states (Vroman et al., 2015), and come to view themselves as more cognitively engaged, 

over time leading to higher trait levels of cognitive engagement. These processes may be 

especially relevant in older adulthood, as many older adults experience low levels of everyday 

mental enrichment (Rohrwedder & Willis, 2010; Stine-Morrow et al., 2014). ICT use may also 

buffer against decreases in cognitive engagement by serving as a compensatory technology. 

Many older adults report using ICT to communicate, shop, and gather information without 

assistance from others (Ihm & Hsieh, 2015; Nimrod, 2019). In this way, ICT use can promote 

healthy continuity in behavior and identity and thus continuity in cognitive engagement 

(Atchley, 1999; Carstensen, 2006).  

These potential co-developmental associations can be further probed by comparing ICT 

use to TV and radio use, two similar behaviors that may be less relevant to cognitive 

engagement. Specifically, listening to the radio, watching TV, and ICT activities like browsing 

YouTube are each forms of media consumption. However, TV and radio are more familiar to 

current cohorts of older adults, require less specialized knowledge to operate (Hunsaker & 
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Hargittai, 2018), and do not facilitate communication nor active information seeking. These 

differences may make TV and radio use less relevant to cognitive engagement. By comparing 

associations across these modalities, we can better understand how technology use is linked to 

cognitive engagement. 

Studying the roles of time and age in these associations can provide further insights. As 

ICT use becomes more common among older adults, it may decline in novelty. Testing whether 

associations between ICT use and cognitive engagement have changed across the last decade 

provides information about the role of novelty in these associations and their likelihood to persist 

into the future. Furthermore, associations may differ across the lifespan, as younger adults use 

the internet much more frequently and are not yet grappling with age-based functional 

challenges.  

The Present Study 

In the present research, we examined the co-development between ICT and cognitive 

engagement using a nationally representative sample of 2,922 Dutch adults aged 65+ who 

contributed up to 10 annual waves of data as part of the Longitudinal Internet Study for the 

Social Sciences (LISS, Scherpenzeel, 2011). We tested nine pre-registered hypotheses. We 

predicted that older adults who were more cognitively engaged would be H1) more likely to use 

ICT and H2) more likely to increase in ICT use, that H3) older adults who used ICT more 

frequently would be less likely to decrease in cognitive engagement, and H4) changes in 

cognitive engagement would be associated with changes in ICT use. We predicted that H5) these 

associations would hold after including covariates related to health and technology access and 

explored H6) whether associations differed across ICT use clusters (media, social, and 

instrumental). We compared these effects to those observed for TV and radio use, predicting that 
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H7) TV and radio use would not be associated with cognitive engagement. We then compared 

associations across the study period and age groups. We predicted that H8) associations between 

ICT use and cognitive engagement would decrease across the study period and that H9) 

associations would be stronger in older adults than younger comparison samples.  

Methods 

This study was pre-registered at https://osf.io/6mr24. Prior knowledge of the LISS dataset 

and deviations from the pre-registration are documented in the Supplemental Materials (SM). 

Sample  

The LISS panel has followed a nationally representative sample of the Dutch population 

since 2008 (Scherpenzeel, 2011). Because the ICT use survey changed substantially in 2012, our 

analyses used annual data collected from 2012 to 2017 except when otherwise specified. LISS 

Participants who did not have a computer or internet connection were provided with a PC to 

complete surveys, meaning that all participants had ICT access.  

Our sample was composed of participants aged 65 years and older who provided data on 

ICT use and personality traits (total N = 2,922; N for 2012-2017 = 2,357; Mage in 2012 = 70.41; 

SDage = 7.18). Half of participants were female, and participants had completed the American 

equivalent of a high school education, on average. Data from participants who entered the study 

when they were younger than 65 were included after they turned 65. In analyses addressing H9, 

we include data from additional LISS participants aged 16 and older: younger adults (ages 16-44; 

N = 5,462, Mage = 29.28, SDage = 7.15; 56% female) and middle-aged adults (ages 45-64; N = 

2,798, Mage = 51.02, SDage = 5.14; 54% female). 

Measures 

Cognitive Engagement 
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We examined two measures of cognitive engagement:  Openness to Experience and Need 

for Cognition (NFC), which were measured in Waves 1, 2, 3, and 5. Openness was measured 

using the 10-item Openness scale from the IPIP-50 Personality Inventory (Goldberg, 1999). NFC 

was measured using the 18-item Need for Cognition scale (Cacioppo et al., 1984). These 

measures demonstrated acceptable internal consistency across waves (Openness α = .71-.79 and 

ωh = .47-.56; NFC α = .88-.89, ωh = .68-.73). Descriptive information for all measures is 

available in the SM (Tables S2.1-S2.2). 

Information and Communications Technology use 

 Participants were asked annually across Waves 1-6 about their ICT use using a branched 

series of questions (see Figure S2.1 for a flowchart). Across the study period, 179 participants 

did not use the internet at any wave. Participants who indicated that they used the internet were 

asked about whether they used any of 14 online behaviors, and the amount of time weekly they 

spend on those behaviors (e.g., “reading and/or writing blogs”; see Figure S2.2 for the complete 

list of response options). We coded answers that indicated over 16 hours per day as missing and 

log-transformed answers to account for positive skew. A factor analysis of these items revealed 

that a 3-factor solution fit the data well and was interpretable as clusters of instrumental, media, 

and social ICT use. We used these clusters as latent variables in our analyses (see Figure S2.2 for 

details). The internal consistency of these formative clusters was relatively low (instrumental 

ICT α = .44-.65 and ωh = .42-.53, media ICT α = .15-.62 and ωh = .17-.47, and social ICT α = 

.22-.37, ωh = .14-.47); however, each cluster showed substantial test-retest stabilities across 

years (rank-order r > .70), demonstrated measurement invariance (see SM) and had incremental 

predictive validity over individual ICT items (Table S2.2), indicating that these clusters are 

useful higher-order descriptors of ICT use.  



 
 

   
54 

Television and radio use 

Television and radio use were measured annually across waves 1-6 with two branched 

questions. Participants were first asked, “How many days do you watch television/listen to the 

radio? If you do not watch television/listen to the radio, enter a 0.” Participants who reported 

that they watched TV/ listened to the radio more than zero days were then asked “on the days 

that you watch television/listen to the radio, how much time do you spend watching 

television/listening to the radio, on average?” in hours and minutes. We coded answers over 16 

hours per day as missing, and log-transformed the number of hours reported to adjust for positive 

skew in reporting.  

 Covariates 

 We examined the potential effects of four covariates: gender (coded as 0-male and 1-

female), highest educational attainment achieved over the study period (coded as an ordinal 

variable from 1- primary school to 6- university), average subjective health issues (“how would 

you describe your health, generally speaking”  1- poor to 5- excellent (reverse coded); M = 3.10, 

SD = 0.64), and mobility issues (a 3-item composite score: “Can you indicate, for each activity, 

whether you can perform it from 1- without any trouble to 5- not at all?... walking 100 meters/ 

walking up a staircase without resting/ shopping;”; M = 1.39; SD = 0.66; α = .80; ωt = .80). 

Analyses 

 Analyses were conducted in R (R Core Team, 2020) using the packages psych (Revelle, 

2017) and lavaan (Rosseel, 2012). Analysis scripts are available at https://osf.io/rxmpk/. We 

handled missing data using Full Information Maximum Likelihood estimation. We assessed 

model fit using Confirmatory Fit Index (CFI) and Root Mean Squared Error Approximation 

(RMSEA) with CFI ≥ .90 and RMSEA ≤ .08 indicating generally acceptable fit (Lai & Green, 
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2016). To compare nested models, we used loglikelihood difference tests based on χ2 model fit. 

We interpreted p-values of .01 or lower as significant to balance Type-I and Type-II error rates. 

Power analyses suggested that we had high power (99.8%) to detect bivariate cross-sectional 

correlations and medium power (61%) to detect bivariate longitudinal correlations at p < .01 (See 

SM). Measurement invariance test results indicated that scale scores could be meaningfully 

interpreted across measurement waves (see SM). We interpret effect sizes according to the 

recommendations by Funder and Ozer (2019) with correlations smaller than r = .20 indicating 

small effects, correlations r > .20 and < .30 indicating medium-sized effects, and correlations 

above r = .30 indicating large effects. 

Results 

Univariate Analyses 

 To describe development over the study period, we estimated second-order univariate 

latent growth curve models for each variable (see Figures 1 and 2 for path diagrams). These 

models fit acceptably to the data (CFIs ≥ .902, RMSEAs ≤ .065). On average, older adults did 

not change in either NFC (B = -.083 per year, p = .019, 95%CI [-.152, -.013]) or Openness (B = -

.006 per year, p = .258, 95%CI [-.147, -.040]). Older adults increased in social ICT use (B = 

.914, p < .001, 95%CI [.767, 1.060]) but not in instrumental (B = .060, p = .057, 95%CI [-.002, 

.122]) or media ICT use (B = .086, p = .042, 95%CI [.004, .167]). We note that, when 

considering change in raw (non-log-transformed) total hours per week of ICT use, older adults 

increased markedly in ICT use over the study period (see Table S2.1), from 8.5 hours per week 

at wave 1 to 12 hours per week at wave 6, consistent with time use trends of American older 

adults reported in Pew Research Internet/Broadband Fact Sheet (2019). For all variables, we 

found substantial individual differences in change over time (ps < .001).  
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Figure 1. Path diagram for Openness latent growth curve model 

 

Note. Ope = Openness. Int. = Intercept. P1-P3 = Parcel 1-Parcel 3. Scores at each wave were 

measured as latent variables composed of three item parcels. Due to data missingness, cognitive 

engagement scores were not estimated at waves 4 or 6. Factor loadings were set equal across 

waves (1/a/b) in accordance with measurement invariance test results. Openness intercept 

estimates a participant’s score at baseline. Openness slope estimates a participant’s linear change 

in Openness across waves. An identical model was estimated for Need for Cognition.  
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Figure 2. Path diagram for instrumental internet use latent growth curve model 

 

Note. ICT = Information and Communications Technology. Instr. = Instrumental ICT. Factor 

loadings were set equal across waves (1/a/b/c/d) in accordance with measurement invariance test 

results. Instrumental ICT intercept estimates a participant’s frequency of use at baseline. 

Instrumental ICT slope estimates a participant’s linear change in frequency of use across waves. 

Identical models were estimated for Social ICT and Media ICT. 
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H1-H6: Co-Development Between Internet Use and Cognitive Engagement 

 To investigate co-development between ICT use and cognitive engagement (H1-H6), we 

combined the univariate latent growth curve models into two second-order multivariate latent 

growth curve models. Specifically, for each cognitive engagement variable (Openness and NFC), 

we estimated co-development with all three ICT use clusters by estimating covariance paths 

between all latent intercepts and slopes. These models fit well according to RMSEA (for 

Openness, RMSEA = .032, 95% CI [.031, .032]; for NFC, RMSEA .032, 95% CI [.032, .033]) 

but less well according to CFI (for Openness, CFI = .830; for NFC, CFI = .840). 

Supporting H1 and replicating past research, older adults who were more cognitively 

engaged tended to use all forms of ICT more frequently at baseline, with effect sizes that were 

medium, on average (rs = .125-.336; Table 1). In contrast to our predictions in H2 and H3, 

baseline levels of Openness and NFC did not predict change in any ICT use cluster across the 

study period, and baseline levels of media, social, and instrumental ICT use did not predict 

change in either Openness or NFC across the study (all ps > .01). Supporting H4, older adults 

who reported steeper increases in their use of instrumental ICT tended to increase in both 

Openness and NFC, and older adults who increased in media ICT use tended to increase in NFC. 

These effects were small, ranging from r = .09-.15 (see Figure S2.3 for scatterplot 

visualizations). 

 To test H5, we regressed all latent intercepts and slopes simultaneously on four covariates 

(subjective health, mobility problems, gender, and education). These variables were unassociated 

with change in ICT use and cognitive engagement over the study period, with one exception: 

women increased in social ICT use more than men (r = .173, p <.001, 95%CI [.085, .261]). 

These nonsignificant longitudinal associations indicate that health, gender, and education played 
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little role in the co-development of ICT use and cognitive engagement. After including these 

variables, however, correlated change between instrumental ICT and Openness/NFC was no 

longer significant at p < .01. Correlated change between media ICT and NFC was still 

significant. Overall, results provided some support for our hypothesis that associations would 

hold after including covariates, although associations with instrumental NFC were not robust to 

covariate inclusion.   

To formally test whether associations with cognitive engagement differed across ICT use 

clusters (H6), we compared the fit of two nested growth curve models. In the first model, 

covariance paths between cognitive engagement and ICT use were constrained to be equal across 

ICT use clusters, and in the second these covariance paths were estimated freely. Freeing these 

constraints significantly increased model fit, both for Openness (Δχ2 (6) = 111.28, p < .001) and 

NFC (Δχ2 (6) = 157.87, p < .001), indicating that associations differed across ICT use clusters. 

Associations with cognitive engagement were stronger for instrumental ICT than social or media 

ICT. 
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Table 1. Results of multivariate latent growth curve models (N = 2,357). 

  
Before addition  

of covariates 
health, mobility, gender, and 
education covariates added 

Cog. Eng. parameter ICT parameter r p 95% CI r p 95% CI 
Openness Media       
     Intercept      Intercept  .193 <.001 [.124, .263] .159 <.001 [.085, .233] 
     Intercept      Slope -.024 .624 [-.121, .073] -.058 .297 [-.166, .051] 
     Slope      Intercept  -.096 .281 [-.272, .079] -.134 .149 [-.317, .048] 
     Slope      Slope .153 .019 [.025, .281] .129 .046 [.002, .256] 
 Social       
     Intercept      Intercept  .125 <.001 [.056, .194] .131 <.001 [.059, .203] 
     Intercept      Slope .108 .046 [.002, .214] .068 .262 [-.051, .186] 
     Slope      Intercept  .138 .103 [-.028, .304] .184 .043 [.006, .362] 
     Slope      Slope .130 .099 [-.024, .285] .154 .049 [.000, .308] 
 Instrumental      
     Intercept      Intercept  .336 <.001 [.277, .394] .258 <.001 [.194, .323] 
     Intercept      Slope -.075 .052 [-.151, .001] -.08 .067 [-.165, .006] 
     Slope      Intercept  .066 .379 [-.081, .212] .019 .809 [-.137, .176] 
     Slope      Slope .146 .007 [.040, .252] .116 .028 [.012, .220] 
Need for Cognition Media       
     Intercept      Intercept  .197 <.001 [.135, .258] .122 <.001 [.057, .188] 
     Intercept      Slope -.024 .580 [-.111, .062] -.049 .317 [-.145, .047] 
     Slope      Intercept  .104 .120 [-.027, .236] .087 .216 [-.051, .224] 
     Slope      Slope .131 .004 [.042, .220] .114 .010 [.027, .201] 
 Social       
     Intercept      Intercept  .122 <.001 [.059, .184] .129 <.001 [.065, .194] 
     Intercept      Slope .080 .100 [-.015, .175] .062 .250 [-.044, .168] 
     Slope      Intercept  -.101 .110 [-.224, .023] -.084 .218 [-.217, .050] 
     Slope      Slope .093 .097 [-.017, .202] .081 .142 [-.027, .189] 
 Instrumental      
     Intercept      Intercept  .345 <.001 [.294, .396] .226 <.001 [.169, .283] 
     Intercept      Slope -.062 .073 [-.130, .006] -.058 .135 [-.134, .018] 
     Slope      Intercept  -.071 .198 [-.180, .037] -.061 .304 [-.178, .056] 
     Slope      Slope .099 .009 [.025, .174] .090 .015 [.018, .162] 

Note: Cog. Eng. = cognitive engagement. Note: Cog. Eng. = cognitive engagement. ICT = 
Information and Communications Technology. ICT use is measured in terms of log-transformed 
hours per week. All parameter estimates are standardized.  Bolded estimates are significant at p < 
.01.  
 
 

H7. Comparing Associations with TV and Radio Use 

Next, we examined associations between cognitive engagement and TV/radio use using 

the multivariate growth curve framework described above. These models fit the data well (CFIs 

≥ .965 and RMSEA ≤ .047). Older adults who scored higher on Openness and NFC watched TV 
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slightly less frequently (Table 2). Neither Openness nor NFC were significantly associated with 

radio use. Furthermore, all co-developmental parameters were nonsignificant (ps > .01). These 

findings support our prediction (H7) that cognitive engagement would be more strongly 

correlated with ICT use than with TV and radio use. 

 
Table 2. Co-development between cognitive engagement and TV/radio use (N = 2,357). 

Cog. Eng. parameter Media parameter r p 95% CI 
Openness TV    
     Intercept      Intercept  -.134 <.001 [-.197, -.071] 
     Intercept      Slope -.079 .476 [-.295, .138] 
     Slope      Intercept  -.121 .040 [-.235, -.006] 
     Slope      Slope -.048 .775 [-.378, .282] 
 Radio    
     Intercept      Intercept  .025 .414 [-.035, .085] 
     Intercept      Slope .010 .931 [-.205, .224] 
     Slope      Intercept  .010 .857 [-.094, .114] 
     Slope      Slope .114 .506 [-.223, .451] 
Need for Cognition TV    
     Intercept      Intercept  -.187 <.001 [-.243, -.130] 
     Intercept      Slope -.008 .937 [-.198, .183] 
     Slope      Intercept  .083 .055 [-.002, .168] 
     Slope      Slope .065 .616 [-.188, .318] 
 Radio    
     Intercept      Intercept  .023 .410 [-.032, .077] 
     Intercept      Slope .003 .972 [-.190, .197] 
     Slope      Intercept  .000 .991 [-.077, .078] 
     Slope      Slope .000 .999 [-.250, .250] 

Note: Note: Cog. Eng. = cognitive engagement. TV/radio use is measured in terms of log-
transformed hours per week. Bolded estimates are significant at p < .01. 
 
 

H8. Comparing Associations Across Chronological Years 

Next, we tested whether associations between ICT use and cognitive engagement waned 

over the study period using the eight ICT use variables that were measured across 2008-2017. To 

do this, we compared the fits of two nested structural equation models: one where correlations 

between ICT use and cognitive engagement were constrained to be equal across years, and 
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another where the correlations were freely estimated in each year (See Figure S2.4 for a path 

diagram). Both models fit the data well (CFIs > .944, RMSEAs = .020). Allowing correlations to 

vary across years did not improve model fit for either Openness (Δχ2 (5) = 3.17, p = .674) or 

NFC (Δχ2 (5) = 3.65, p = .601), indicating that correlations between cognitive engagement and 

ICT use did not change in magnitude across the study period. These findings provide evidence 

against H8. 

H9: Comparing Associations Across Age Groups 

Finally, we tested whether co-developmental associations between ICT use and cognitive 

engagement were smaller in comparison groups of younger and middle-aged adults (H9). To do 

this, we estimated two sets of multiple-group multivariate latent growth curve models. In the 

first, we constrained co-developmental paths between cognitive engagement and ICT use to be 

equal across age groups. In the second, we estimated co-developmental paths separately for 

younger adults (ages 16-44), middle-aged adults (ages 45-64) and older adults (ages 65+). We 

then conducted nested model comparison tests to examine whether correlations differed across 

these three age groups.  

Results indicated that freeing age group constraints led to an improvement in model fit 

for both Openness (Δχ2 (24) = 159.59, p < .001) and NFC (Δχ2 (24) = 190.98, p < .001). 

Associations between levels of ICT use and levels of cognitive engagement were similar across 

age groups, whereas correlated change was strongest among middle-aged adults (on average, r = 

.10 stronger than in older adults). As predicted, correlated change was weakest and non-

significant in younger adults. These results provide mixed evidence for our prediction (H9) that 

associations between ICT use and cognitive engagement would be strongest in old age – co-
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developmental associations were stronger in older adults than younger adults, but strongest in 

middle-age.  

Table 3. Co-development in comparison samples of younger and middle-aged adults.  
  Younger adults (N = 3490) Middle-aged adults (N = 3680) 

Cog. Eng. parameter ICT parameter r p 95% CI r p 95% CI 
Model 1: Openness Media       
     Intercept      Intercept  .237 <.001 [.175, .299] .239 <.001 [.191, .288] 
     Intercept      Slope .030 .481 [-.053, .113] -.019 .549 [-.082, .044] 
     Slope      Intercept  .053 .521 [-.109, .215] .153 .219 [-.091, .398] 
     Slope      Slope .042 .438 [-.064, .147] .218 <.001 [.102, .333] 
 Social       
     Intercept      Intercept  .121 <.001 [.061, .181] .071 .002 [.026, .116] 
     Intercept      Slope .041 .310 [-.038, .120] -.025 .433 [-.087, .037] 
     Slope      Intercept  -.052 .436 [-.185, .080] .016 .843 [-.146, .179] 
     Slope      Slope -.008 .872 [-.112, .095] .211 <.001 [.101, .321] 
 Instrumental      
     Intercept      Intercept  .235 <.001 [.180, .291] .156 <.001 [.113, .199] 
     Intercept      Slope .036 .287 [-.030, .102] -.046 .103 [-.102, .009] 
     Slope      Intercept  -.008 .913 [-.145, .130] -.078 .372 [-.249, .093] 
     Slope      Slope -.006 .888 [-.091, .079] .177 .001 [.074, .280] 
Model 2: NFC Media       
     Intercept      Intercept  .246 <.001 [.188, .303] .195 <.001 [.151, .240] 
     Intercept      Slope .048 .232 [-.030, .126] .008 .775 [-.049, .065] 
     Slope      Intercept  -.045 .512 [-.178, .089] .049 .612 [-.139, .236] 
     Slope      Slope .050 .274 [-.040, .140] .159 <.001 [.071, .248] 
 Social       
     Intercept      Intercept  .036 .204 [-.020, .093] -.048 .022 [-.089, -.007] 
     Intercept      Slope .021 .586 [-.054, .095] -.003 .908 [-.059, .053] 
     Slope      Intercept  .014 .806 [-.095, .122] .166 .008 [.043, .289] 
     Slope      Slope .031 .493 [-.057, .118] .102 .019 [.017, .187] 
 Instrumental      
     Intercept      Intercept  .279 <.001 [.229, .329] .160 <.001 [.122, .199] 
     Intercept      Slope .008 .802 [-.054, .070] -.034 .183 [-.085, .016] 
     Slope      Intercept  .043 .461 [-.071, .156] -.038 .570 [-.170, .093] 
     Slope      Slope -.005 .890 [-.077, .067] .095 .017 [.017, .173] 

Note: Cog. Eng. = cognitive engagement. ICT = Information and Communications Technology. 
ICT use is measured in terms of log-transformed hours per week. All parameter estimates are 
standardized.  Bolded estimates are significant at p < .01.  
 

 
Discussion 

 We investigated the co-development between ICT use and cognitive engagement in a 

longitudinal sample of older adults. Results support several of our pre-registered hypotheses. 
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Older adults who were more cognitively engaged used ICT more frequently (H1), older adults 

who increased in media and instrumental ICT use relative to their peers declined less in cognitive 

engagement over the study period (H4), and co-developmental associations with media ICT 

persisted after the addition of covariates (H5). Comparing across types of ICT use, cognitive 

engagement was most strongly tied to instrumental ICT use, negatively associated with TV use, 

and not associated with radio use (H7).  

These findings situate ICT use as a potentially relevant behavior to the late-life 

development of cognitive engagement. Increases in ICT use, especially for instrumental and 

media purposes like emailing, searching the internet, and watching videos online, may provide a 

relatively strong and frequent dose of mental enrichment that counteracts age-graded declines in 

cognitive engagement. These links seem to be specific to ICT use, as we did not find co-

developmental associations between cognitive engagement and TV or radio use. To the extent 

that increases in ICT use are causally linked to healthy development in cognitive engagement, 

these findings could have important implications for individual and societal well-being. 

Substantial increases in technology use among this current cohort of older adults may have 

brought small but widespread benefits to the cognitive engagement of many older adults.  

These findings also provide new information about how and why ICT use is relevant to 

cognitive engagement. First, instrumental ICT was more strongly associated with stable levels of 

cognitive engagement than social or media ICT. Instrumental internet activities like searching 

the internet and using email tend to be especially intellectually stimulating and exploratory, and 

these characteristics may drive stronger associations with cognitive engagement. Second, 

associations between cognitive engagement and ICT use remained stable across 2008-2017, even 

as ICT use rose. This finding, which refutes our hypothesis (H8) indicates that correlations 
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between ICT use and cognitive engagement are not merely a historical artifact driven by novelty. 

Finally, we can benchmark positive associations between cognitive engagement and all three 

ICT use clusters against nonsignificant associations between cognitive engagement and TV/radio 

use. These discrepancies suggest that general features of ICT use, such as navigating the internet 

and using a computer, may be relevant to cognitive engagement in and of themselves. Overall, 

patterns of evidence found in this study indicate that ICT use is relevant to cognitive engagement 

due to features common to all forms of ICT, instrumental information-gathering affordances of 

some ICT and not the novelty of ICT use among current cohorts of older adults. 

Though we found support for most hypotheses, many were contradicted. First, although 

changes in ICT use were associated with changes in cognitive engagement, stable levels of ICT 

use did not predict changes in cognitive engagement (refuting H3) and stable levels of cognitive 

engagement did not predict changes in ICT use (refuting H4). This may indicate that change in 

ICT use (e.g., learning how to use a new internet technology) is differentially relevant to the 

development of cognitive engagement than stable levels of ICT use (i.e., frequently using an 

already-known internet technology). Furthermore, though co-development between ICT use and 

cognitive engagement was stronger in older adulthood than among a comparison sample of 

younger adults (supporting H9), we found that co-development was strongest among middle-

aged adults (refuting H9). We hypothesized that co-development would be strongest in older 

adulthood because older adults often face deficits in cognitive enrichment (Stine-Morrow et al., 

2010) and declines in functioning that ICT use may ameliorate. Significant co-development in 

middle-aged adults, who are generally not facing these challenges, implies alternate mechanisms 

underlying co-development among this age group. Future research focused on ICT use in middle 

adulthood is needed to replicate and expand upon this finding, especially as there is relatively 
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little research on the psychological effects of ICT use among middle aged adults (c.f. Hartano et 

al., 2020). 

Limitations 

We note some important limitations. First, it was impossible to us to establish causality 

because participants were not randomized to conditions. We believe this limitation is best 

addressed through future research that supplement the strengths of naturalistic research designs 

research like ours (large samples, ecologically valid measurement, and long-term tracking) with 

those of experimental interventions (causal inference and high-fidelity tests of mechanisms). 

Second, research has shown that self-report estimates of computer use and estimates derived 

from computer trackers often differ (Ellis et al., 2019). The self-report estimates from this study 

show expected patterns of convergent and discriminant correlations and temporal consistency, 

providing evidence for validity. However, results may differ from studies that measure computer 

use differently. Finally, the generalizability of this study is constrained by the time period and 

culture in which it was conducted, especially given the changing role of ICT use in everyday life. 

One advantage of measuring ICT use in terms of general clusters (e.g., social) instead of 

particular technologies (e.g., Facebook) is that general usage clusters may remain relevant even 

as particular ICT change. 

Conclusion 

 With an aging global population, it is increasingly important to understand the factors 

associated with cognitive engagement development in older adulthood. In a pre-registered 

investigation using a large population-representative sample, we found that older adults who 

were more cognitively engaged were more frequent users of the internet, but not TV or the radio. 

Over time, older adults who increased in media internet use declined less in NFC than their 
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peers. Effects were small but may be especially widespread, given drastic recent increases in 

internet use among this cohort of older adults. Although we currently know little about the long-

term consequences of technology use for personality development, we hope that this study 

encourages future research on this important topic.  
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Supplemental Material 

 

Data Knowledge Prior to Pre-registration 

We have used the LISS dataset in past research to examine the co-development among 

ICT use and psychological adjustment (loneliness, satisfaction with life, and depressiveness) 

among older adults (Schwaba & Bleidorn, 2020). We have also used this dataset to examine the 

development of openness to experience across the lifespan (Schwaba et al., 2018) and across the 

transition to retirement (Schwaba & Bleidorn, 2019). This knowledge prevented a fully-blind 

pre-registration of the study. However, we had no knowledge about the associations between 

cognitive engagement and ICT use variables when pre-registering the hypotheses and analyses of 

the present study. 

 

Deviations from Pre-registration 

There were four deviations from the pre-registration. First, we planned to conduct 

simulation-based sensitivity analyses to supplement our RMSEA-based power analyses. 

However, estimates from these sensitivity analyses were unreliable and did not provide clear 

information about the power of the present analyses to detect effects. We therefore omitted them 

from the final manuscript.  

Second, we pre-registered that we would scale time in these analyses by chronological 

year (i.e. 2012-2017). However, an error in LISS data collection led to high levels of personality 

data missingness in 2012 and 2014. As a result, pre-registered models failed to converge. To 

correct this problem, we instead scaled time in terms of years after each participant contributed 

their first measurement. 
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Third, we pre-registered that we would compare co-development between initially offline 

older adults and initially online older adults (H7 in the pre-registration). However, the model that 

we estimated to compare these two groups did not converge, likely for two reasons. First, there 

was no variance in baseline levels of internet use among initially offline older adults (they all 

used the internet for 0 hours). Second, the measurement models for ICT use did not fit well to the 

data among initially offline older adults at later measurement occasions, indicating that the factor 

structure of ICT use differed between new and experienced ICT users. 

 Fourth, to facilitate continuity in the manuscript, we reordered hypotheses 6, 7, 8, 9, and 

10 in the pre-registration. In the manuscript, these hypotheses are now referred to as hypotheses 

9, [deleted] (see preceding paragraph), 8, 7, and 6, respectively. 
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Table S2.1. Descriptive information for study variables across Waves 1-6 (N = 2,357) 
 Wave 1 Wave 2 Wave 3 
  n M SD n M SD n M SD 
Openness 423 3.42 0.47 1447 3.34 0.48 1506 3.36 0.48 
NFC 419 4.15 0.92 1428 4.11 0.94 1499 4.16 0.93 
Social ICT 1690 1.40 4.11 1704 1.59 4.67 1706 2.16 5.46 
    Playing games 1645 0.86 2.95 1663 0.87 3.31 1654 1.04 3.30 
    Skype 1645 0.13 0.84 1664 0.19 1.11 1654 0.38 1.36 
    Social media 1645 0.37 1.66 1664 0.48 1.80 1654 0.74 3.57 
    Blogging 1645 0.08 0.54 1664 0.08 0.84 1654 0.06 0.34 
Media ICT 1690 1.69 5.08 1704 1.69 4.71 1706 1.66 5.62 
    Watching media 1645 0.51 3.18 1663 0.43 1.54 1655 0.43 3.90 
    Reading news 1645 0.75 2.97 1664 0.81 2.09 1654 0.83 1.85 
    Newsgroups 1645 0.20 0.89 1664 0.22 1.06 1654 0.21 0.76 
    Forums 1645 0.07 0.58 1664 0.08 0.90 1654 0.03 0.28 
    Downloading media 1645 0.21 1.35 1664 0.19 1.68 1655 0.22 2.77 
Instrumental ICT 1690 5.58 7.44 1704 5.74 7.56 1706 5.70 6.96 
    Email 1645 2.26 3.18 1663 2.30 3.56 1654 2.31 3.05 
    Searching for info 1645 1.58 2.89 1663 1.60 3.12 1654 1.50 2.50 
    Searching for products 1645 0.80 2.06 1664 0.83 1.88 1654 0.81 1.84 
    Shopping online 1645 0.28 1.27 1663 0.30 0.95 1654 0.35 1.31 
    Banking online 1645 0.82 1.56 1663 0.85 1.98 1654 0.9 2.09 
TV use 1638 23.72 12.73 1633 23.74 12.72 1610 24.15 12.62 
Radio use 1635 27.05 22.31 1263 25.98 21.23 1238 25.84 22.15 

 Wave 4 Wave 5 Wave 6 
 n M SD n M SD n M SD 

Openness 94 3.41 0.51 1295 3.37 0.49 0   
NFC 92 4.19 1.00 1289 4.15 0.92 0   
Social ICT 1625 2.77 6.05 1494 2.85 5.62 1302 2.84 5.43 
    Playing games 1598 1.21 3.85 1403 1.20 3.79 1300 1.16 3.5 
    Skype 1595 0.59 2.33 1403 0.73 2.02 1301 0.64 1.85 
    Social media 1597 0.94 2.79 1403 1.05 2.50 1301 0.98 2.60 
    Blogging 1598 0.09 0.67 1402 0.05 0.41 1301 0.07 0.38 
Media ICT 1625 1.59 3.17 1494 1.08 3.79 1302 1.93 4.80 
    Watching media 1598 0.27 1.26 1403 0.37 1.72 1301 0.34 1.59 
    Reading news 1598 0.93 2.02 1403 1.12 2.28 1300 1.15 3.97 
    Newsgroups 1598 0.22 0.74 1403 0.25 1.01 1301 0.25 0.90 
    Forums 1598 0.06 0.82 1403 0.05 0.50 1301 0.05 0.47 
    Downloading media 1598 0.13 0.66 1403 0.12 0.70 1301 0.14 1.00 
Instrumental ICT 1625 6.62 10.49 1494 5.96 7.66 1302 6.92 10.26 
    Email 1597 2.57 5.37 1403 2.37 3.44 1300 2.41 4.43 
    Searching for info 1597 1.71 3.46 1403 1.66 2.81 1301 1.87 4.13 
    Searching for products 1597 0.86 1.88 1402 0.91 1.58 1300 1.18 4.60 
    Shopping online 1595 0.42 1.74 1403 0.38 1.08 1301 0.46 1.83 
    Banking online 1595 1.18 4.99 1403 1.03 2.89 1301 1.01 2.17 
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TV use 1560 23.38 12.97 1366 23.68 12.77 1275 23.64 13.07 
Radio use 1162 26.21 22.92 997 24.45 20.95 956 24.24 21.02 

Note: Openness = Openness to experience. NFC = Need for cognition. ICT = Information and 
Communications Technology. Waves represent the number of years since the participant first 
contributed data. ICT, TV, and Radio use variables are in untransformed units of hours per week. 
Openness and NFC scores range from 1-5.
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Table S2.2. Zero-order correlations between variables at Wave 1 

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 
Cognitive Engagement                         
1. Openness                         
2. NFC .55                        
ICT Use                         
3. Social ICT .03 .03                       
    4. Playing games -.06 -.09 .82                      
    5. Skype .05 .07 .44 .16                     
    6. Social media .07 .12 .60 .15 .40                    
    7. Blogging .10 .11 .32 .09 .29 .22                   
8. Media ICT .09 .16 .31 .17 .21 .28 .24                  
    9. Watching media .11 .03 .24 .14 .16 .22 .23 .67                 
    10. Reading news .08 .18 .25 .14 .18 .21 .18 .80 .27                
    11. Newsgroups .02 .07 .16 .08 .14 .17 .18 .52 .24 .39               
    12. Forums .03 .11 .09 .02 .07 .10 .26 .32 .15 .17 .21              
    13. Downloading media .10 .13 .06 -.01 .09 .12 .06 .47 .26 .18 .17 .23             
14. Instrumental ICT .13 .24 .29 .17 .15 .24 .13 .45 .3 .33 .20 .14 .24            
    15. Email .18 .23 .24 .14 .14 .21 .12 .36 .25 .26 .17 .10 .20 .84           
    16. Searching for info .13 .25 .21 .13 .09 .17 .12 .37 .26 .28 .20 .15 .22 .80 .54          
    17. Searching for products .11 .20 .18 .08 .13 .17 .12 .39 .29 .32 .21 .15 .26 .66 .41 .56         
    18. Shopping online .13 .20 .12 .06 .11 .14 .12 .30 .27 .21 .16 .13 .21 .46 .30 .34 .47        
    19. Banking online .13 .22 .18 .06 .12 .20 .09 .28 .15 .25 .13 .07 .17 .64 .43 .38 .45 .40       
Benchmark behaviors                         
20. TV use -.05 -.14 .08 .09 .01 .03 -.02 .01 .05 .01 .02 .00 -.02 -.04 -.06 -.03 -.01 -.01 .01      
21. Radio use .02 -.05 .05 .05 .05 .04 -.04 .02 .02 .01 .01 .01 .02 .06 .06 .04 .01 .01 .05 .12     
Covariates                         
22. Subjective Health Issues -.03 -.12 -.01 -.01 .03 -.01 -.01 -.06 -.01 -.06 -.02 .00 -.03 -.12 -.11 -.12 -.08 -.08 -.08 .08 -.07    
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23. Mobility Issues -.10 -.17 .04 .07 .04 -.01 -.02 -.08 -.03 -.08 -.02 -.05 -.05 -.18 -.15 -.15 -.12 -.09 -.11 .11 -.06 .46   
24. Education .25 .39 -.05 -.10 .02 .00 .05 .08 .03 .12 -.01 .05 .03 .23 .24 .20 .18 .13 .17 -.12 -.01 -.06 -.14  
25. Female -.04 -.21 .10 .13 .03 .03 .01 -.19 -.10 -.17 -.08 -.09 -.14 -.17 -.13 -.14 -.17 -.11 -.17 .08 .05 .00 .09 -.22 
Note: Openness = Openness to experience. NFC = Need for cognition. ICT = Information and Communications Technology. ICT, TV, 
and Radio use variables are in units of log hours per week.
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Figure S2.1. ICT Use Flowchart

 

 

Note: participants were also asked whether they spent time using “dating website” and “other.” 

Due to low frequency of these responses among older adults, we omitted these items from the 

study.  

  

Do you use the internet on 
either… 

1) A computer
2) a laptop
3) A tablet

4) A smartphone

Questions

Do you spend time…
.. Reading and viewing 

social media?

Yes to at 
least 1

x14 behaviors

How many hours do you 
spend weekly…

.. Reading and viewing social 
media?

x1-14 behaviors

For each yes

0 for ALL ICT 
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0 for that 
specific ICT 

behavior
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hours spent on ICT 
behavior

0-112

For each no

No to all 4

Variable Score
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Figure S2.2. Structure of ICT use in 2012 (N = 1,474).  

 

 

Power Analysis 

With a sample size of 2,922, we had 99.8% power to detect a bivariate correlation of r = 

.10 or greater at p < .01. Power estimation for covariances between multivariate latent growth 

curve parameters (e.g. the correlation between change in ICT use and change in cognitive 

engagement) is less straightforward; we estimated power for these models using the method 

outlined in MacCallum and colleagues (2006). This method tests the power to detect differences 

in RMSEA between two nested models. With an alpha of .01, a sample of 2,922, and a difference 

in model df of 1, we estimated how power varied as a function of different plausible estimates 

for 1) the number of total degrees of freedom in the models, and 2) change in RMSEA model fit 

between the two nested models. This method suggested that we had 61% power to detect change 
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in a covariance parameter at p = .01. We caution that this power estimate is general in nature, 

because it does not account for important factors specific to these models (such as repeated 

measurements and the use of latent rather than manifest indicators). We therefore present results 

with exact p-values and confidence intervals so that readers can properly evaluate precision of 

findings. 

 

Measurement Invariance 

We conducted measurement invariance tests to gauge the extent to which scores were 

meaningfully comparable across assessment waves, which is a necessary precondition to 

measuring change in cognitive engagement over time (Vandenberg & Lance, 2000). For each 

variable, we created three item parcels by running a one-factor confirmatory factor analysis and 

sorting items into groups by descending factor loadings so that each parcel loaded as 

equivalently as possible on a latent trait factor. We then estimated scores at each wave as a latent 

variable that indexes the common variance between the three parcels. We then constrained 

whether factor loadings of items on a latent variable could be constrained across waves without 

significant decrease in model fit, and whether item intercepts could be constrained across waves 

without significant decrease in model fit. For both openness and NFC, results indicated that these 

constraints did not lead to substantial decreases in model fit (all ΔRMSEA and ΔCFI ≤ .001; Lai 

& Green, 2016), suggesting that mean-level differences in openness and NFC can be 

meaningfully interpreted across waves (Table S2.3). Measurement invariance for the three ICT 

use clusters was established in a previous study (Chapter 1 of this dissertation).  
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Table S2.3. Results of measurement invariance tests (N = 2,357) 

Variable Constraint df χ2 CFI RMSEA RMSEA 95% CI 

Openness Configural 30 49.88 .998 .018 [.008, .026] 

 Loadings  36 59.90 .998 .018 [.009, .025] 

 Intercepts  42 70.06 .998 .018 [.010, .025] 

Need for Cognition Configural 30 58.53 .996 .021 [.013, .029] 

 Loadings  36 66.14 .996 .020 [.012, .027] 

 Intercepts  42 80.34 .995 .021 [.014, .028] 

Note. df = degrees of freedom. CFI = Confirmatory Fit Index. RMSEA = Root Mean Square 

Error of Approximation.  

 

 

Figure S2.3. Correlated change between internet technology use and cognitive engagement 

before covariate addition 

 

Note. ICT = Information and Communications Technology. Slope is in units of standardized 

change per year. ** = p < .01

r = .146** r = .099** r = .131**
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Figure S2.4. Path diagram for associations between cognitive engagement and ICT use across 

years (N = 2,922) 

 

Note: ICT = Information and Communications Technology. O/NFC = Openness/Need For 

Cognition. […] signifies that correlations were estimated for 2011 and 2013 but not depicted in 

this figure. In these models, ICT use was estimated as a latent variable composed of the common 

variance between all eight ICT items measured from 2008-2017 (email, searching for 

information online, searching for products online, banking online, shopping online, newsgroups, 

reading the news online, and playing games). Openness and NFC were estimated using three 

item parcels, as elsewhere. Equals signs indicate that parameters were constrained to be equal in 

one model and freed in a second model. Not depicted: residual covariances between items and 

between parcels were estimated across waves. 
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