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Abstract: This paper examines how internet use among older adults evolves over time
based on longitudinal data from the Survey of Health, Ageing and Retirement in Europe
(SHARE). The contribution of the study is the introduced transparent and replicable workflow
for identifying internet use trajectories using a latent-class mixed model framework, offering
a practical approach for future research in this area. The analysis of the SHARE dataset
reveals distinct internet use trajectories, including consistent usage, consistent non-usage,
and increasing and decreasing probabilities of internet usage over time. The proposed
methodological workflow enables robust and reproducible trajectory analysis and supports
future research on digital inclusion among ageing groups.
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1. INTRODUCTION

In times of vast digitalisation, internet use has become central to participation in
everyday activities. While the tendency towards online transition offers benefits, it also poses
concerns about unequal access, particularly among older adults. Understanding internet use
in later life is therefore important for assessing risks of social exclusion (Wale, et al., 2025).

This study addresses this challenge by examining how internet use among older
adults evolves over time. Using longitudinal data from the Survey of Health, Ageing and
Retirement in Europe (SHARE), the paper applies a latent-class mixed model (LCMM)
framework to identify distinct internet use trajectories. The LCMM framework was defined
by Laird and Ware (1982) and further developed by Proust-Lima, et al., (2017).

The analysis reveals several distinct trajectories of internet use. In addition to groups
with consistently high or consistently low probabilities of internet use, the results identify
trajectories reflecting both increasing and decreasing probabilities over time. These findings
confirm that older adults are not a homogeneous group with respect to digital engagement
(Konig & Seifert, 2020).
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To ensure the robustness of the identified trajectories, the study compares multiple
model specifications, including linear and quadratic trajectory functions and varying latent
class numbers. Model selection is based on statistical fit criteria, classification quality
measures, and interpretability.

Methodologically, the analysis draws on the existing literature applying the LCMM
framework, which has been widely used (Herle, et al., (2020); van der Nest, et al., (2020);
Li, et al., (2025)) to identify unobserved subgroups with distinct trajectories. However, to the
author’s knowledge, the existing studies lack a transparent, step-by-step workflow
customised for internet use analysis in SHARE.

There are earlier articles (Ryoo et al., (2018); Herle, et al., (2020)) outlining
systematic frameworks for trajectory analysis. Yet, to the author’s knowledge, the literature
still lacks a comprehensive, explicitly defined procedure specifically designed to examine
internet usage trajectories in SHARE.

This paper contributes to the literature by providing a clear and replicable
methodological workflow for deriving internet use trajectories using the SHARE data. By
integrating established modelling techniques with detailed data preparation and model
assessment steps, the study fills a methodological gap and lays foundations for future
research in the field.

The remainder of the paper is structured as follows. Section 2 provides literature
review. Section 3 describes the data, sample construction, and methodological framework.
Section 4 presents the empirical results. Section 5 contains final concluding remarks.

2. LITERATURE REVIEW
21 Importance of internet use in later life

In an age of rapidly developing technologies, internet use has become deeply
embedded in everyday life. Across Europe, individuals use the internet for core domains of
everyday life, such as communication, banking, finding information about goods, services,
news and health (Eurostat, 2025).

To benefit from online services, individuals must first be internet users, and despite
the general trend, internet usage is unevenly distributed across population groups. As
confirmed by prior research, e.g. Gordon and Crouch (2019) Kebede, et al., (2022), Gomes
and Dias (2024), older adults are one of the social groups least adapted to the usage of
online channels.

While the digital shift of public and private services can be beneficial, as commented
by Szabo, et al., (2019) and Matthews, et al., (2019), it also risks excluding the older adults
who are unable or unwilling to use the internet. Therefore, it is important to examine how
likely this group is to use the internet and to identify effective measures that can support
their digital inclusion as also proven by Wale, et al., (2025).
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2.2 Longitudinal perspective on internet use

Longitudinal approaches are particularly informative, as they allow researchers to
capture dynamic changes in internet use. As illustrated by Kamin and Lang, (2018) and
Mariano, et al., (2021), understanding not only whether older individuals use the internet,
but also how their probability to do so develops over time, can provide additional knowledge
of the mechanisms underlying digital inclusion and exclusion.

Konig and Seifert, (2020) showed that older adults do not form a homogeneous group:
some exhibit constant internet use or non-use, others display increased levels of internet
engagement, others portray declining usage of digital technologies later in life.

Identifying such internet use trajectories can contribute to more effective strategies
for promoting digital engagement. For example, individuals with persistently low probabilities
of internet use may require intensive, in-person training and support, whereas those whose
likelihood of use declines over time may benefit more from adaptive technologies,
addressing the reasons behind this change in behaviour.

2.3 Analytical methods for identifying lifetime trajectories

As demonstrated by Herle, et al., (2020), van der Nest, et al., (2020), and Li, et al.,
(2025), the latent-class mixed model (LCMM) framework is a common method
for identifying distinct lifetime trajectories.

The LCMM framework is defined based on the linear mixed model, defined by Laird
and Ware (1982). The linear mixed model was designed for longitudinal data where the
outcome is continuous and the random variations — such as random effects, correlated
residuals, and measurement errors — are assumed to follow a Gaussian distribution.
Additionally, it presumes that the influence of covariates remains consistent across the full
spectrum of outcome values. However, these conditions are frequently not met, particularly
when dealing with longitudinal psychology-related data.

Proust-Lima, et al., (2017) introduced the LCMM framework specifically to analyse
longitudinal data where the outcomes are not necessarily Gaussian. Rooted in the latent
variable approach, this method distinguishes between the structural model — which outlines
how the underlying process of interest evolves over time and in relation to covariates — and
the measurement model, which connects this unobserved process to the actual observed
data.

24 Methodological workflows for trajectory analysis

Several studies have proposed structured analytical frameworks for trajectory
modelling. For example, Ryoo et al., (2018) and Herle, et al., (2020) provide detailed process
workflows for identifying and analysing longitudinal patterns, while Li, et al., (2025) implicitly
follow standard steps of a modelling workflow, even though no explicit process flow is
outlined. Angelova, (2025) offers a methodological roadmap for conducting longitudinal
research using data from multiple waves of the SHARE survey.
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Despite these contributions, to the author’s knowledge, the literature currently lacks
a comprehensive, step-by-step methodological framework specifically designed for
analysing internet usage trajectories in the SHARE dataset, highlighting a gap that the
present study seeks to address.

3. METHODOLOGY

In this study, a clear and systematic approach was developed to derive trajectories of
internet use over time, using data from the SHARE survey. The methodological workflow is
depicted in Fig. 1. The steps from the workflow are described in the following sections.

Fig. 1 Methodological workflow for deriving internet use trajectories using SHARE data

Data Preparation
Identify relevant Identify relevant Identify relevant Eliminate potential wavggn(t:rllr:iii:les)
SHARE modules SHARE variables SHARE waves duplicates .
in one sample
n Remove Remove n Remove n
. Transform
respondents not respondents respondents with Re-code the target .
) ; o . the datasetinto
present in some of || outside the target missing target variable
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Linear trajectories Quadratic trajectories
__-.’ ......
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of latent classes of latent classes
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Visual
Analyse class size Analyspe\lCB:IC and Analyse entropy inspection of the Select final model A
class trajectories

Source: Author’s own study

3.1 Data description

SHARE is a multidisciplinary and cross-national panel study conducted every two
years across 27 European countries and Israel. The questionnaire covers topics such as
health, socio-economic status, and social and family networks. SHARE has collected
responses from approximately 160,000 individuals aged 50 and above, as well as their
(younger) partners. Currently, the SHARE project offers nine waves of data collected from
2004 to 2022. The analysis in this paper is based on data from waves 5 (2024a), 6 (2024b),

8 (2024c) and 9 (2024d), covering a nine-year period between 2013 and 2022. A detailed
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description of the SHARE sampling design, target population, and eligibility criteria applied
in the initial waves is provided by Bergmann, et al., (2019), which underpins the
methodological foundation of the data used in this study.

3.2 Data preparation
3.2.1 Identification of the relevant modules and waves

The SHARE modules, variables, and waves of interest were defined following the first
three steps from the methodological workflow presented on Fig. 1. The internet usage
information is available in the IT module of the SHARE database. The question is formulated
as follows: “During the past 7 days, have you used the internet for e-mailing, searching for
information, making purchases, or for any other purpose at least once? ‘Any other purpose’
includes chatting, social networks, Skyping, etc.” The dataset variable corresponding to the
internet usage question is called it004_.

This question was first included in the fifth wave of SHARE and has been part of all
subsequent waves. Above 70% of the responses to the internet use question are missing in
the seventh wave, therefore it was excluded from the analysis. It was confirmed that both
the question and its possible responses remained unchanged over the years, ensuring the
comparability of the selected waves.

3.2.2 Sample definition

After loading the IT modules from waves 5, 6, 8 and 9, the datasets were checked for
duplicates. The data is unique by the respondent identifier mergeid, so no duplicates were
found. All waves were combined into one sample using mergeid as a joining key. Only the
individuals present in every wave were retained in the combined sample.

This study focuses on respondents aged 50 years and above, and therefore survey
participants outside this age group were excluded from the sample.

Furthermore, respondents aged 50 years and above who appeared in all selected
waves but for whom the internet usage variable was missing were excluded from the
analysis. It is important to restrict the sample to individuals with available internet usage
information in all selected waves, as this enables the accurate tracking of patterns over time.
Only following the same respondents across each wave allows for a reliable analysis of the
trajectories. The responses to the internet usage question are encoded in variable it004_.
The observed values and their meanings are listed in Tab. 1 below.

Tab. 1 Responses to the internet usage question

Code Meaning
-2 Refusal
-1 Don’t know
1 Yes
5 No
NA Missing value

Source: SHARE Release Guide 9.0.0

Codes -2 and -1 were considered missing values. Consequently, all records
containing these codes, along with those with genuine missing values, were excluded from
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the sample. The sample definition stages follow steps 4 to 8 from the methodological
workflow on Fig. 1.

3.2.3 Data re-coding and restructuring

Following step 9 from the workflow on Fig. 1, the internet usage variable was re-
coded for more intuitive interpretation during the subsequent modelling. Responses
originally coded as 5 were changed to 0, while those coded as 1 remained unchanged. The
resulting variable takes the value 0 for internet non-users and 1 for internet users.

Following step 10 from the workflow on Fig. 1, and illustrated on Fig. 2, the dataset
was transformed into long format. This structure allows the applied model to learn how
internet usage changes across waves within each individual.

Fig. 2 Transformation from wide to long format

mergeid it004_wave_5 |it004_wave 6 |it004_wave 8 | it004_wave 9
A 1 1 0 0
B 0 0 1 1
Cc 1 1 1 1
mergeid wave it004
A 5 1
A 6 1
A 8 0
A 9 0
B 5 0
LB 6 0
B 8 1
B 9 1
C 5 1
Cc 6 1
C 8 1
Cc 9 1

Source: Author’s own study

Variable IDnum was added to the long-format dataset to represent the respondent
identifier mergeid as numeric.

3.3 Model definition

Following Herle, et al., (2020), van der Nest, et al., (2020), and Li, et al., (2025), the
internet usage trajectories in this study were identified via the LCMM framework. The LCMM
estimation framework, as described by Proust-Lima, et al., (2017), has been adapted for this
study. Details of how it was applied are provided below.

First, a model determines the underlying continuous latent process, in this case, the
internet usage change across waves. The model is defined as:

Ai(Wij)le=g = Bo + vgwyj (1)
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In (1) above 4;(w;;) is the continuous latent process for individual i in wave w for
observation j, ¢; is the class of individual i, , is the intercept common for all classes, v, is
a coefficient denoting the wave effect for class g, and w;; is the wave of individual i for
observation j.

Thus, the formula could be translated into: “For respondent i, in observation j in wave
w and in latent class g, the continuous latent process Ai(Wij) is determined by fixed effects
and class-specific wave effects.”

Second, as shown in (2) below, a link function is applied to transform the latent
process A;(w;;) into the observed target Y;; — in the present study this is the internet usage
variable. The latent process is transformed using threshold cut points n,, and 1,41
estimated by the model, as well as ¢;; which is a random error term following a normal
distribution — ¢;; ~ N(0,1).

Vij =miff 1y < A(wy) + € < N @

The formula could be translated into: “The internet usage Y;; equals m if and only if
the continuous latent process Ai(Wij) falls between n,,, and n,,,,1.”

Third, a class membership probability 7;, is derived showing what is the probability
of an individual i to belong to class g. This is defined by the following logistic model:

e’0g (3)
T[ig - ZlG=1 eEOl
The probability ;, is calculated as the proportion between the intercept log-odds for
class g (e*9) and the sum of the intercept log-odds for all classes (g = 1, ..., G).

The aim is to assess the probability of belonging to each internet usage class only
based on the SHARE wave, therefore, no covariates are included in the class membership
model. That is why the probability m;, in (3) depends only on the intercepts of the latent
classes.

Finally, the full likelihood is calculated combining the three elements explained above.
Conceptually, the full likelihood shows how well the entire model explains the observed data.
The individual contribution to the likelihood L; is defined as:

M (4)
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The number of observations for individual i are denoted by n; and j is the index of
each observation. P(Y;; | c; = g) is the class-specific probability of observing Y;;, derived
from (1) and (2).

The formula in (4) could be translated into: “For respondent i, the likelihood of the
observed internet usage classes across all waves is computed as a weighted sum of the
likelihoods under each latent class, where the weights are the probabilities of belonging to
each class.”

3.4 Model iterations

The LCMM estimation framework was applied for the present study using the R
package Icmm (Proust-Lima, et al., 2017). The model estimation was conducted on the long-
format dataset, with observations grouped at the individual respondent level using the
numeric identifier IDnum.

Two model development approaches were tested — linear and quadratic. In the linear
approach, the models assumed linear change in internet usage across SHARE waves, while
in the quadratic approach this assumption was relaxed and a non-linear change was allowed.

3.4.1 Linear trajectory specification

As a first step in the linear approach, a one-class latent-class mixed model (model1)
was fitted and served as a baseline specification for the subsequent multi-class models.

Then, models with two to six latent classes were estimated. In these models, wave
was included via the mixture = ~ wave argument. This specification allows each latent class
to follow its own linear trajectory of internet usage over time, corresponding to class-specific
slopes (v, in (1)). The intercept was held constant across classes, consistent with the LCMM
framework adopted in this study (S, in (1)). Within-class variance was constrained to be
equal across classes by the default setting nwg = FALSE, reflecting the assumption that
heterogeneity in trajectories is captured entirely by class membership rather than by
individual-level random effects. To improve model convergence and reduce the risk of local
maxima, random initial values were generated from the one-class model using the argument
B = random(model1). The linear trajectory model development follows steps 11 and 12 from
the methodological workflow on Fig. 2.

3.4.2 Quadratic trajectory specification

As in the linear approach, a one-class quadratic model was first estimated as a
baseline.

Next, models with two to six latent classes were fitted, with both the linear and
quadratic wave terms included as class-specific effects (mixture = ~ wave + I(wave”2)). This
allows latent classes to differ by the curvatures of their trajectories. All other modelling
assumptions were kept consistent with the linear specification. The quadratic trajectory
model development follows steps 13 and 14 from the methodological workflow on Fig. 2.

112



VANGUARD SCIENTIFIC INSTRUMENTS IN MANAGEMENT, vol. 22, no. 1, 2026, ISSN 1314-0582

As a result, a total of ten models was developed —five linear and five quadratic models
with two to six latent classes.

3.5 Model assessment

Following steps 15-18 from the methodological workflow on Fig. 2, the ten latent-class
mixed models were evaluated using a combination of statistical fit metrics, classification
assessment measures, and interpretability criteria.

First, class size was assessed to ensure that each identified latent class represented
a significant proportion of the sample. Following (Herle, et al., 2020), a threshold of minimum
5% of respondents per class was applied. Models with classes below this threshold were
considered unstable.

Second, model fit was evaluated using the Bayesian Information Criterion (BIC). BIC
evaluates model fit by balancing how well the model explains the observed data against
model complexity. By introducing a penalty for the number of parameters, BIC favours more
parsimonious models and prevents overfitting, ensuring that any improvement in fit is
justified by a genuine increase in explanatory power rather than by unnecessary
complication. Models with lower BIC values were considered to provide a better balance
between fit and parsimony.

Third, the Akaike Information Criterion (AIC) was used as a complementary measure
of model fit. AIC is conceptually similar to BIC but applies a less stringent penalty for model
complexity. Models with lower AIC values were preferred.

Fourth, entropy was examined as an indicator of classification quality. Entropy
measures the degree to which individuals are clearly assigned to a single latent class, with
higher values indicating better distinction between classes and greater certainty in class
membership. Models with higher entropy values were therefore favoured.

Finally, visual inspection of the class trajectories was conducted to assess whether
the identified classes were clearly distinguishable from one another and whether their
internet usage patterns were interpretable. Models in which classes exhibited
distinguishable and plausible trajectories were preferred.

The final model was selected balancing all of the aspects described above. This is
the final step from the methodological workflow on Fig. 2.

4. RESULTS
4.1 Sample definition

The sample was constructed following the steps described in Section 3.2. The
number of respondents kept after each sample definition stage is displayed in Fig. 3 below.
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Fia. 3 Sample definition flow chart

Present in waves 5, 6, 8 and 9
N =17,921
Under 50 years old

N =23

N = 17,898
Missing Internet use variable

N =76

N=17,822

Source: Author’s own study

As it can be seen in Fig. 3, the final sample included 17,822 respondents.

4.2 Internet usage question analysis

In the final sample, the respondents’ distribution according to their internet usage was
examined. The results for all waves are summarized in Fig. 4.

Fig. 4 internet usage distribution

Internet usage question distribution

Wave 9 | 34.54% |
Wave 8 | 34.59% |
Wave 6 | 38.78% |
Wave 5 | 40.62% |
0% 20% 40% 60% 80% 100%

OVYes (%) ONo (%)

Source: Author’s own study

As indicated by Fig. 4, in general, around 60-65% of the survey participants used the
internet in the past seven days. This proportion is similar across waves, although it is visible
that in more recent waves it increases — that is, more individuals start using the internet.

4.3 Model assessment

Different model iterations were performed as described in Section 3.4 and then the
models were analysed following the criteria in Section 3.5. The model results are described
in Tab. 2 below.
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Tab. 2 Model comparison

Model Trajectory Number of Class sizes
. e e BIC AIC Entropy
identifier specification classes Class1 Class2 Class3 Class4 Class5 Class6
model 1 Linear 2 57,217 57,178 0.93 39.94%  60.06% -
model 2  Linear 3 55,719 55657 0.86 27.92%  1555%  56.53% -
model 3  Linear 4 55,313 55,227 0.79 10.68%  33.16%  51.49% 4.67% =
model 4 Linear 5 55,826 55,717 0.56 1041% 2691% 11.18%  51.49% 0.00% =
model 5 Linear 6 55,892 55,760 0.52 11.00%  26.91% 0.00% 51.49%  10.60% 0.00%
model_ 6  Quadratic 2 57,134 57,079 0.94 60.06%  39.94% - - - -
model 7  Quadratic 3 56,050 55,964 0.87 2160% 51.49% 26.91% -
model 8  Quadratic 4 56,118 56,001 0.64 0.00% 2160% 2691% 51.49% -
model 9  Quadratic 5 56,159 56,011 0.57 21.60% 0.00% 0.00% 2691% 51.49% -
model 10 Quadratic 6 55,747 55,568 0.51 0.00% 0.00% 9.59%  27.92% 51.49%  11.00%

Source: Author’s own study

The latent classes 1 to 6 are the model-defined respondent clusters illustrating
different internet use dynamics. It is visible, that there are some defined latent classes with
no respondents inside. This holds for model 4, model 5, model 8, model 9 and model_10.
Based on this observation, these models were discarded. The remaining models have
classes with more than 5% of the sample inside which complies with the predefined
threshold.

The remaining models were sorted by BIC and AIC. The ones with lowest BIC and
AIC are model_3, model_2 and model_7. The entropy values of model 2 and model_7 are
similar — 0.86 and 0.87, while the entropy of model_3 is 0.79. These three models were
considered the best candidates for a final model.

The trajectories of each class were plotted to complete the model selection process.
This is illustrated on Fig. 5, Fig. 6, and Fig. 7 below. The x-axis on these graphs represents
time measured with the different SHARE waves and the y-axis shows the predicted
probability of using the internet.

As it can be noted from Fig. 5 and Fig. 7, the classes of model_2 and model_7 indicate
a segment of respondents with consistently low probability of internet use, another segment
of individuals with consistently high probability of internet use and a third segment of people
with increasing probability of internet use in more recent years. As shown on Fig. 6, model_3
represents a fourth group of respondents — those with decreasing probability of using the
internet.

44 Final model selection

Based on the model assessment, model 3 was chosen as a final model. Its main
advantage compared to model 2 and model 7 is considered the additional trajectory that it
captures indicating people who are less likely to use the internet in more recent years. At
first glance, such behaviour might seem counterintuitive, because ongoing digitalization of
everyday activities, wider internet accessibility and increasing digital literacy would generally
suggest that older people become more likely to use the internet over time. However, age-
related physical and cognitive barriers (Heponiemi, et al., 2023) or limited social support and
encouragement (Kamin, et al., 2020) can be possible reasons for the opposite behaviour.
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Fig. 6 internet use trajectories of linear model with Fig. 5 internet use trajectories of linear model with
three classes four classes
Trajectories of model/_2 Trajectories of model_3

100% -— ° ° ° 100% .____Ié L s 2

90% 90%

80% 80%

70% 70%

60% 60%

50% 50%

40% 40%

30% 30%

20% 20%

10% 10%

0% — " " 0% . = - -

Wave 5 Wave 6 Wave 8 Wave 9 Wave 5 Wave 6 Wave 8 Wave 9
—&—Class1 —M—Class2 —@—Class3 —&—Class1 —#—Class2 —@—C(lass3 —@—C(Class4
Source: Author’s own study Source: Author’s own study

Fig. 7 internet use trajectories of quadratic model
with three classes

Trajectories of model_7

100% I L & a

90%
80%
70%

60%
50%
40%
30%

10%
0% — o ° °

Wave 5 Wave 6 Wave 8 Wave 9

—&—Class1 ——Class2 —@—Class3

Source: Author’s own study

The observed trajectories confirm internet use behaviours previously identified by
Konig & Seifert (2020). This indicates that the proposed methodological framework is robust
and capable of reproducing well-established empirical results reported in the literature.

5. CONCLUSION

This study examines how internet use among older adults evolves over time and
addresses the lack of a transparent methodological workflow for identifying internet use
trajectories using the SHARE data. Applying a latent-class mixed model framework to the
longitudinal SHARE data, the analysis identified distinct trajectories of internet use, including
consistently high use, consistently low use, increasing probability for use, and decreasing
probability of use over time. This confirms the heterogeneity of digital engagement in later
life and aligns closely with patterns previously reported in the literature.
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Methodologically, the paper’s main contribution lies in offering a transparent and
replicable workflow that guides data preparation, model estimation, and model selection for
internet use trajectory analysis within the SHARE context. The proposed methodological
workflow provides foundation for future research on digital inclusion in later life and can be
readily extended to other longitudinal outcomes available in SHARE.
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