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Abstract
Much research is conducted to evaluate digital-based solutions for health-care services,
but little is known about how such evaluations acknowledge diversity in later life.
This study helps fill this gap and analyses participation in the evaluation of a web-
based mobile phone system for monitoring the post-operative progress of patients after
day surgery. Participation is conceptualised as resulting from three processes: pre-screen-
ing, recruitment and self-selection. Based on field information and survey data, this study
models (a) the (non-)participation in a sample of 498 individuals aged 60 and older that
includes non-screened, non-recruited, decliners and participants in the evaluation, and (b)
the individual decision to participate in a sample of 210 individuals aged 60 and older who
were invited to take part in the evaluation. Increasing age enhances the likelihood of not
being screened, not being recruited or declining the invitation. Those not recruited were
most often ineligible because of technology-related barriers. Decliners and participants
differed by age, gender, job, health status, digital skills, but not by social participation.
Results suggest that highly specific groups of older people are more likely to be involved
than others. Old-age diversity is not properly represented in digital health research, with
implications for the inclusivity of new digital health technologies. This has implications
for increased risks of old-age exclusion and exacerbation of social and
digital inequalities in ageing societies.
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Introduction
Much effort is made to create and evaluate new solutions for delivering health care using
digital health technologies. Such technologies range from websites and mobile applica-
tions to remote monitoring and rehabilitation, and are evolving continuously to reflect
the latest technological advances, such as virtual and augmented reality, robotics, sensors
and advances based on artificial intelligence (AI). Research shows that digital health
technologies hold potential for improvements in the scope and sustainability of health-
care services’ provision, ensuring quality services and acceptable individual outcomes
(Schulz et al., 2015; Czaja, 2017; Chen, 2020; Corregidor-Sánchez et al., 2020).
However, scholars frequently point out that although the gains of digital technologies
for delivering health-care services exist, they benefit only certain groups of people
and in specific contexts (Mitchell et al., 2018; Eccles, 2021).

It is widely expected that digital health technologies will be progressively used
for delivering health-care services, and that older people, as the main users of
health-care services in general (Terraneo, 2015), and as a key target for health-care
provision by digital health technologies, are among those most affected (European
Commission, 2018; Ekman et al., 2019; Mitchell and Kan, 2019; Coughlin, 2020).

With digital technologies becoming the favoured means for access to services,
including health care, older people who make no or little use of digital technologies
could suffer by exclusion from services and information they need or value (Olsson
et al., 2019; Eccles, 2021; Poli et al., 2021). Consequently, the digitalisation of
health-care services in combination with the non-use of digital technologies
can increase risks of social exclusion and widen inequalities among older people
(Robinson et al., 2015; Hargittai et al., 2019). This is exacerbated during the
COVID-19 pandemic. Due to social and physical distancing, digitalisation of
services becomes a priority measure (Pérez Sust et al., 2020; Seifert, 2020).

Previous studies suggest that the use of digital technologies among older people
varies by individual characteristics such as age, gender, education and work, and
prior experience with such technologies (e.g. at work) (König et al., 2018; Yoon
et al., 2018; Hargittai et al., 2019; Matthews et al., 2019). Non-use can also result
from an individual decision not to engage with digital technologies or to use certain
technologies but not others (Wyatt, 2003; Lüders and Brandtzæg, 2014; Gallistl
et al., 2020), privacy concerns (Boise et al., 2013; Berridge and Wetle, 2019; Kim
and Choi, 2019) as well as poor health status (Gell et al., 2015; Matthews et al.,
2019). Moreover, digital technology use and non-use can be influenced by the
design of new technological solutions which may support or hinder adoption by
older people (Czaja et al., 2019; Allemann and Poli, 2020). However, the design
is not the only factor determining the inclusivity of digital technologies and new
digital-based services. Aspects related to the evaluation of new digital technologies,
such as how this is conducted and who is involved as participants, are also crucial
for ensuring accessibility, usage and utility (Merkel and Kucharski, 2018; Poli et al.,
2019).

Due to selective participation in the evaluations of new digital technologies,
digital health research often fails to capture the heterogeneity of the target popula-
tions of interest (Czaja, 2017; Merkel and Kucharski, 2018). Selective participation
is established during the recruitment process of study participants through three
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successive selection processes, namely pre-screening, recruitment and self-selection.
As a result, some individuals have a higher probability of participating in evalua-
tions than others (Dodge et al., 2014; Foster et al., 2015; Poli et al., 2019, 2020).
The underrepresentation of some individuals can affect the evaluations as it pre-
vents the assessment of the appropriateness of new digital health technologies
against the heterogeneity of the target population, and leads to erroneous conclu-
sions and inadequate implementation (Aner, 2016; Czaja, 2017; Kandola et al.,
2018; Merkel and Kucharski, 2018).

The process of self-selection refers to the decision to, or not to, accept an invi-
tation to participate in research, made by those individuals who are deemed eligible
for participation (Baron et al., 2015; Poli et al., 2019). Of the other selection pro-
cesses occurring during the recruitment of participants, self-selection is especially
relevant as it typically implies that a number of individuals are left out. Previous
studies reported that refusal rates can range from 50 per cent to more than 80
per cent (Dodge et al., 2014; Foster et al., 2015; Broendum et al., 2016; Poli
et al., 2020). Self-selection shapes the composition of the study participants, is
almost not possible to directly control and determines the extent to which a
study sample mirrors the targeted population of interest.

Only a small number of studies on digital health technologies have investigated
self-selection among older people. They suggest that those who decline to partici-
pate are older, less physically active and less often users of a computer than those
who join (Mair et al., 2006; Dodge et al., 2014; Broendum et al., 2016; Poli et al.,
2020). Findings on health status are mixed. One study reports a higher hospital
admission rate among decliners (Broendum et al., 2016), whereas significant differ-
ences in health status were not found in another study (Poli et al., 2020). Results on
gender are also inconclusive, with some studies suggesting that women are more
likely to decline the invitation to participate in research on digital health technolo-
gies (Broendum et al., 2016) while other studies find no differences between men
and women (Mair et al., 2006; Dodge et al., 2014; Poli et al., 2020). Lack of
time, discomfort with technologies and satisfaction with current services are
reported as the most common reasons for declining (Mair et al., 2006;
Broendum et al., 2016; Poli et al., 2019). Overall, these studies are typically based
on recruitment information only (e.g. reasons for refusal, registry-based or hospital
data), or investigate self-selection as an one-off selection process rather than as part
of a sequence of selection processes in the study participant recruitment.

A deeper understanding of the self-selection process among older people in
digital health research is needed to inform on the inclusiveness of such studies
and the generalisability of the results, and to guide both the optimisation of recruit-
ment strategies and the implementation of sample or result adjustments (Poli et al.,
2019). To the best of our knowledge, no studies have conducted a detailed investi-
gation of self-selection among older people which takes into account the individual
perspective on participation and non-participation and, at the same time, interprets
self-selection as part of a multi-step model of selection leading to selective partici-
pation (Poli et al., 2019).

In this article, we aim to understand the involvement of older people in the
evaluation of digital health technologies for self-care as a multi-step process from
project recruitment to the individuals’ decisions to participate (i.e. self-selection)
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and its association with socio-demographic indicators, health, social participation
and technology familiarity. Our example is participation in the evaluation of a
Web-based mobile phone system for monitoring post-operative progress of patients
undergoing day surgery. The underlying data were collected in Sweden which is one
of the most digitally advanced countries in Europe (European Commission, 2020)
and, hence, an exemplifying case of likely future conditions in other European soci-
eties. In 2019, 98 per cent of the population in Sweden indicated having access to
the internet at home; 10 per cent of Swedes between 65 and 74 years and a third of
the individuals in the 75–85 years group reported that they had never used the
internet (Statista, 2021). First, we analyse the selection of participants by applying
a multi-step conceptual model for the study of selective participation which decon-
structs the latter in all its processes of selection as elaborated and detailed by Poli
et al. (2019). Second, we deepen the analysis of the self-selection to interpret the
basis of the individual decision to participate or not. We hypothesise that higher
age, low socio-economic status, poor health, low frequency of social participation
as well as lower digital skills are associated with the likelihood of declining an invi-
tation to participate in the evaluation.

Methods
Analysed data were gathered in 2018 within the context of the project ‘Mobile
Phone in Recovery after Ambulatory Surgery’ (MIRAS) which evaluated a web-
based mobile phone system for monitoring post-operative progress of individuals
who underwent day surgery.

The MIRAS intervention study was designed as a randomised controlled trial
(RCT). Eligible individuals were consecutively included and randomised either to
post-operative monitoring through their mobile phone (i.e. the intervention
group) or to traditional post-operative monitoring at the day surgery unit (i.e.
the control group). Individuals in the intervention group were invited to answer
short questions on their recovery progress online using their mobile phones on
days 1–14, 21 and 28. The collected information was stored in a highly secured,
password-protected database which was accessible only to the patient and the
responsible health-care professional. Individuals in the control group were moni-
tored according to the surgery units’ routines. Both individuals in the intervention
and control groups were asked to answer a paper-based questionnaire on the day of
the surgery and received a further paper-based questionnaire assessing key aspects
of their recovery on the postoperative day 28. The allocation to intervention group
or control group and the related types of interventions were not relevant to this
work and its analyses, as the interest is on the MIRAS participants in general,
regardless of the study groups to which they belong, and on the non-participants.

MIRAS recruitment was conducted at two Swedish public day surgery units in
the cities of Linköping and Motala. The MIRAS target population consisted of indi-
viduals undergoing day surgery in the fields of orthopaedics, general surgery
including breast cancer, and urology. To be eligible to take part in the MIRAS pro-
ject, individuals had to meet the following criteria: (a) have a mobile phone
equipped with internet connection, (b) be able to speak Swedish, (c) not show/
report other health problems which could interfere with the intervention (e.g.
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aphasia, dementia), and (d) be older than 18. The MIRAS project received ethical
approval from the competent Regional Ethical Review Board in Linköping.

In addition to the intervention study, an investigation of the involvement of
older people in the evaluation of the MIRAS mobile phone system was conducted,
also by means of a survey study (Poli et al., 2019). MIRAS intervention outcomes
were not of interest for this work which looked at the phases that precede the inter-
vention, i.e. the selection of participants.

Data

The sample for the present study consists of all individuals, 60 years and older, who
were scheduled for the above-mentioned day surgeries in the two units during the
recruitment time-frame of the MIRAS project. As such, this sample includes both
those individuals who entered the MIRAS recruitment process and those who did
not due to non-eligibility.

This study sample consists of 498 individuals in total. The mean age of the indi-
viduals in the sample is 70 years (standard deviation (SD) = 0.32); the median age is
also 70 years, where about a quarter of the individuals are aged 60–64 and 65–69
years (N = 120 and N = 119, respectively). Of the 498 individuals, one-third are
men (N = 168) and two-thirds are women (N = 330) (Table 1).

Information on the study sample was obtained from two sources: recruitment
data and individual survey data. Recruitment data include information on age, gen-
der and recruitment status for all the individuals in the study sample (N = 498), and
detailed information on reasons for non-recruitment for the 58 individuals who
were not recruited.

Individuals considered eligible and, thus, invited to participate in the MIRAS
project, were also invited to answer a short questionnaire that included questions
on socio-demographic factors, social participation and contacts, as well as
health-related aspects and technology familiarity (more details on the survey, its
items and validation can be found in Poli et al. (2019). This sub-group consists
of 368 individuals, of whom 160 participated in MIRAS and 208 were decliners.
The survey was distributed by a research nurse at the time of the invitation to
the MIRAS project on the day of surgery and collected on the same day. In total,
210 individuals answered the questionnaire (response rate = 57%), including all
MIRAS participants (response rate = 100%) and 50 MIRAS decliners (response
rate = 24%).

The self-selection analysis

In this study, the individual decision-making process of accepting or declining the
invitation to take part in the research (i.e. self-selection) was examined as a selec-
tion process occurring during the recruitment of study participants that distin-
guished between decliners (i.e. non-participants) and participants. First, the
overall selection of participants was studied as a multi-step process (Poli et al.,
2019, 2020) and, second, self-selection was specifically analysed for its association
with key indicators.
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Table 1. Recruitment groups and characteristics

Total

Recruitment groups

χ2 F pNon-screened Non-recruited Decliner Participant

Frequencies (row percentages)

Group size 498 (100) 72 (14.5) 58 (11.6) 208 (41.8) 160 (32.1)

Group characteristics:

Age group: 60.43 0.000***

60–64 120 (24) 13 (11) 5 (4) 45 (38) 57 (47)

65–69 119 (24) 15 (13) 7 (6) 54 (45) 43 (36)

70–74 133 (27) 21 (16) 13 (10) 55 (41) 44 (33)

75+ 126 (25) 23 (18) 33 (26) 54 (43) 16 (13)

Mean age (SD) 70 (0.32) 71 (0.82) 76 (1.09) 70 (0.48) 67 (0.44) 23.46 0.000***

Gender: 12.84 0.005**

Men 168 (34) 34 (20) 24 (14) 70 (42) 40 (24)

Women 330 (66) 38 (12) 34 (10) 138 (42) 120 (36)

Note: SD: standard deviation.
Significance levels: ** p⩽ 0.01, *** p⩽ 0.001.
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We used the multi-step conceptual model of selective non-participation illu-
strated in Poli et al. (2019) which here includes three processes of selection, namely
pre-screening, recruitment and self-selection. In pre-screening, some individuals
are screened out prior to any formal eligibility check and for no documented rea-
sons. In the recruitment, proper screening and eligibility checks are conducted and
result in eligible and ineligible individuals. In self-selection, individuals choose
whether they want to be included or not. Self-selection together with pre-screening
and recruitment lead to a four-group structure: a non-screened group (which was
excluded prior to screening), a non-recruited group (which was screened, but not
recruited), a decliner group (which was screened and recruited but declined to par-
ticipate) and a participant group, which consists of those who were screened and
recruited and who decided to participate. In the study sample, the participant
group represented 32 per cent (N = 160) (Table 1). Over 40 per cent (N = 208)
of the individuals declined to participate, 12 per cent (N = 58) were not recruited
due to ineligibility and 14 per cent (N = 72) were excluded prior to being screened
(i.e. non-screened group). The refusal rate (i.e. the decliners as a percentage of all
individuals invited to participate) to the MIRAS project was 56 per cent (N = 208),
the non-screened rate (i.e. the non-screened individuals as a percentage of all the
individuals who underwent an eligible day surgery) was 14 per cent (N = 72) and
the non-recruitment (i.e. the non-recruited individuals as a percentage of everyone
who was screened) rate was 14 per cent (N = 58).

Outcome variables

Two main outcome variables were used: ‘recruitment group’ and ‘self-selection’.
The ‘recruitment group’ was constructed as a categorical variable which took on

four categories corresponding to the four recruitment groups of which individuals
could alternatively be part (i.e. non-screened, non-recruited, decliner and partici-
pant). The outcome variable ‘self-selection’ was constructed as a binary variable
(i.e. refusal/participation).

Predictors

The level of education is measured by the International Standard Classification of
Education, and the analyses apply two levels of education: ‘lower’ (i.e. up to 13 years
of education) and ‘higher’ (i.e. more than 13 years of education). Occupational pos-
ition is measured as: ‘white-collar jobs’ and ‘other positions’, while cases with miss-
ing information (N = 25) are included in a third category. Due to the low number of
cases, we collapsed farmers, self-employed and blue-collar jobs into the category
‘other positions’. This allows a clear contrast to be created between the ‘white-collar
jobs’ category and the rest. Partnership and co-habitation are combined in a single
variable and coded as ‘having a partner and co-habiting’ and ‘other constellations’.
Overall health, cognitive health and instrumental activities of daily living are com-
bined in a single indicator ‘physical and cognitive health’: ‘better’ (based on ‘good’
or ‘very good’ overall health, ‘good’ or ‘very good’ cognitive health and ‘not limited
at all’) and ‘poorer’ (all the other combinations).

Ageing & Society 7

https://doi.org/10.1017/S0144686X21001641 Published online by Cambridge University Press

https://doi.org/10.1017/S0144686X21001641


Social participation, contacts with friends and neighbours, and contacts with
children are aggregated in a single indicator, ‘social participation and contacts’,
and coded as ‘higher frequency’ (‘every week’ or ‘daily’ participation in social activ-
ities and ‘daily’ contacts with either children or friends, or both) and ‘lower fre-
quency’ (all other combinations).

Digital skills were defined in this work as the range of abilities and knowledge to
use digital services and measured as self-rated skills in using and accessing digital
services (i.e. sending and receiving emails, internet banking, reading online news-
papers or magazines, buying goods or services over the internet, accessing public
e-services). These form a single indicator and are coded as ‘higher’ (i.e. average
answer was ‘very good’ in all the relevant items on digital skills) and ‘lower’ (i.e.
for all the other combinations). The perceived usefulness of using technologies
for health monitoring was defined as the degree to which an individual believes
that using a certain digital health technology would be beneficial for him- or herself
and was measured by a single item (i.e. ‘Do you think using a mobile phone or tab-
let might be useful in monitoring your health?’) as ‘high’ and ‘low’. Analyses control
for age group and gender. Age is a categorical variable (60–64, 65–69, 70–74, and
75 years and over) to take into account non-linear relationships, while gender is
applied as a binary category.

Missing information on any of these predictors is shown in Table 4, but is not
computed in the group comparisons. Because missing values on each predictor
represented a small percentage of the cases which are irrelevant for imputation,
too small for a separate missing category, and typically considered as inconsequen-
tial for the results (Schafer, 1999; Bennett, 2001), missing information is merged
into the largest variable category for the logistic regression analyses. The variable
on occupational status is an exception as the item non-response is about 12 per
cent and could not be assigned to another category of the variable; therefore, miss-
ing data were treated by creating a third category representing the missingness. This
allowed the potential impact of missing data on the association between the pre-
dictor and the outcome to be isolates. There is no missing information for age
group and gender.

Analyses

First, the overall selection of study participants is analysed based on the multi-step
conceptual model for the study of selective non-participation as originally devel-
oped by Poli et al. (2019) and extended with a further process of selection (i.e. pre-
screening). Age and gender differences between the four groups: non-screened,
non-recruited, decliner and participant, are tested using Pearson’s chi-squared
tests and one-way analysis of variance. Participation and non-participation rates
are calculated for each of the four groups based on the respective sub-samples.
This means that, for example, the refusal rate represents the proportion of those
who declined to participate among all those invited. Moreover, a multinomial logis-
tic regression was estimated to describe the differences between participants and
non-participants (i.e. non-screened, non-recruited and decliner) regarding age
and gender. Finally, the analyses of the reasons for non-recruitment were added
to further explain the selection of individuals.
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Second, the analysis of self-selection is deepened. Descriptive statistics are per-
formed to show how socio-demographic indicators, health, social participation
and technology familiarity characterise decliners and participants. Pearson’s
chi-squared tests and Student’s t-test are used to test differences between decliners
and participants. In addition, four logistic regression models were developed in
order to investigate the association between the individual decision to decline (or
not) the invitation to participate in the MIRAS project and the identified predic-
tors. Model 1 includes three socio-demographic indicators (i.e. age, gender and
main job). Thereafter, all dimensions (health, social participation and contacts,
and digital skills), each of them represented by one single indicator, are included
stepwise into the models. The reference category for all models is ‘participation’.
All analyses are performed using Stata 15 (StataCorp, College Station, TX).

Results
Descriptive results

Mean age was significantly different between the four analysed groups (i.e.
non-screened, non-recruited, decliners and participants) (Table 1). Participants
were significantly younger (67 years, SD = 0.44) and non-recruited individuals
were significantly older (76 years, SD = 1.09) than the individuals in the
non-screened and decliner groups (71 years, SD = 0.82 and 70 years, SD = 0.48,
respectively) ( p < 0.001).

Participation was lowest among individuals 75 years old and older (13%, N = 16)
and highest among individuals aged 60–64 (47%, N = 57) ( p < 0.001). Individuals
75 years and older were significantly more often non-screened (18%, N = 23) and
non-recruited (26%, N = 33) than those who were aged 60–64 (11%, N = 13
and 4%, N = 5), 65–69 (13%, N = 15 and 6%, N = 7) and 70–74 (16%, N = 21
and 10%, N = 13) ( p < 0.001). Declining the invitation to participate in the
MIRAS project was significantly more common among individuals 65–69 years
and 75 years and older, respectively 45 per cent (N = 54) and 43 per cent
(N = 54), compared to 60–64 (38%, N = 45) and 70–74 years old (41%, N = 55)
( p < 0.001).

On average, it was significantly more common for women to participate (36%,
N = 120) compared to men (24%, N = 40). Men were more often not screened
(20%, N = 34) and not recruited (14%, N = 24) than women (12%, N = 38 and
10%, N = 34, respectively) ( p < 0.05).

(Non-)Participation in the MIRAS project

The multinomial logistic regression model shows that age and gender were asso-
ciated with the likelihood of being or not being a participant in the MIRAS project
(Table 2). Age significantly predicted the likelihood of participating for individuals
75 years old and older. Indeed, individuals in this age group showed a higher prob-
ability of being non-screened (odds ratio (OR) = 3.80, p < 0.05), non-recruited (OR
= 12.09, p < 0.001) and a decliner (OR = 2.61, p < 0.05) than of being a participant
in the MIRAS project, compared to individuals aged 65–69. As regards gender,
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Table 2. Multinomial logistic regression on the association between (non-)participation and age and gender

Non-screened group versus participant
group1 Non-recruited group versus participant group1 Decliner group versus participant group1

OR SE p 95% CI OR SE p 95% CI OR SE p 95% CI

Intercept 0.62 0.22 0.181 0.31, 1.25 0.23 0.11 0.002 0.09, 0.59 1.59 0.43 0.086 0.94, 2.69

Age group:

60–64 0.69 0.30 0.383 0.29, 1.60 0.55 0.34 0.340 0.16, 1.87 0.64 0.18 0.117 0.36, 1.12

65–69
(Ref.)

1.00 – – – 1.00 – – – 1.00 – – –

70–74 1.30 0.52 0.518 0.59, 2.87 1.76 0.91 0.273 0.64, 4.85 0.98 0.28 0.937 0.56, 1.72

75+ 3.80 1.70 0.003** 1.58, 9.11 12.09 6.17 0.000*** 4.45, 32.87 2.61 0.92 0.006** 1.31, 5.20

Gender:

Men
(Ref.)

1.00 – – – 1.00 – – – 1.00 – – –

Women 0.42 0.13 0.005** 0.23, 0.77 0.60 0.21 0.138 0.31, 1.18 0.72 0.17 0.176 0.45, 1.16

Notes: McFadden’s pseudo R2 = 0.05. 1. The reference category (Ref.) is participant group. OR: odds ratio. SE: standard error. CI: confidence intervals.
Significance levels: * p⩽ 0.05, ** p⩽ 0.01, *** p⩽ 0.001.
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women had a lower probability of being non-screened than men, relative to being a
participant in the MIRAS project (OR = 0.42, p < 0.05).

Among the 58 individuals who were screened and non-recruited, the most
reported reason for ineligibility to the MIRAS project was related to one eligibil-
ity criterion, namely to one’s mobile phone availability or appropriateness
(Table 3). This criterion included, for example, not having a mobile phone, hav-
ing a faulty or too old mobile phone, and not having an internet access subscrip-
tion, and was indicated for 42 individuals. Of these 42 individuals, 67 per cent
(N = 28) were 75 years old or older and 21 per cent (N = 9) were 70–74.
Non-recruitment due to technology-related barriers was less common among
those aged 60–64 and 65–69, 2 per cent (N = 1) and 10 per cent (N = 4), respect-
ively. The other two reasons for non-recruitment were related to language bar-
riers and health problems. A total of nine individuals were not recruited because
they could not speak fluent Swedish (60–64 years old: 22%, N = 2; 65–69 years
old: 22%, N = 2; 70–74 years old: 22%, N = 2; 75 years old and older: 33%, N =
3). Eight individuals (60–64 years old: 25%, N = 2; 65–69 years old: 25%, N = 2;
70–74 years old: 25%, N = 2; 75 years old and older: 25%, N = 2) were deemed
not eligible for participation because of comorbidity (e.g. aphasia, dementia,
memory impairments).

Self-selection in the MIRAS project

Self-selection was studied for 50 decliners and 160 participants who participated in
the survey study. The decision to participate or not in the MIRAS evaluation phase
was interpreted for its association with socio-demographic aspects, social participa-
tion and contacts, health-related aspects, and technology familiarity.

Socio-demographic characteristics

Those who participated in the MIRAS project were significantly younger than
the decliners (mean = 67, SD = 0.44 versus mean = 70, SD = 0.48) ( p < 0.05)
(Table 4). Individuals in the age group 60–64 were significantly more often par-
ticipants (88%, N = 57) compared to individuals in the older age groups (65–69
years old: 73%, N = 43; 70–74 years old: 76%, N = 44; 75 years old or older:

Table 3. Registered reasons for non-recruitment by age

Reasons for non-recruitment1 Total

Age groups

60–64 65–69 70–74 75+

Frequencies (percentages)

Technology-related 42 1 (2) 4 (10) 9 (21) 28 (67)

Language-related 9 2 (22) 2 (22) 2 (22) 3 (33)

Health-related 8 2 (25) 2 (25) 2 (25) 2 (25)

Notes: N = 59. 1. Individuals could be deemed ineligible for more than one reason.
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Table 4. Decliners and participants comparison

Total

Self-selection

χ2 t pDecliner group1 Participant group

Frequencies (row percentages)

Group size 210 (100) 50 (24) 160 (76)

Group characteristics:

Age group:

60–64 65 (100) 8 (12) 57 (88) 10.70 0.013*

65–69 59 (100) 16 (27) 43 (73)

70–74 58 (100) 14 (24) 44 (76)

75+ 28 (100) 12 (43) 16 (57)

Mean age (SD) 68 (0.40) 70 (0.48) 67 (0.44) −2.99 0.003**

Gender:

Men 66 (100) 26 (39) 40 (61) 12.89 0.000***

Women 144 (100) 24 (17) 120 (83)

Education:

Lower 100 (100) 30 (30) 70 (70) 3.75 0.053

Higher 108 (100) 20 (19) 88 (81)

Missing2 2 0 2

Main job:

Other positions3 106 (100) 32 (30) 74 (70) 4.83 0.089

White-collar jobs 79 (100) 14 (18) 65 (82)

Missing2 25 (100) 4 (16) 21 (84)
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Partnership and co-habitation:

Other constellations 54 (100) 12 (22) 42 (78) 0.08 0.784

Having a partner and co-habitation 151 (100) 35 (23) 116 (77)

Missing2 5 3 2

Social participation and contacts:

Lower frequency 161 (100) 39 (24) 122 (76) 0.18 0.675

Higher frequency 47 (100) 10 (21) 37 (79)

Missing2 2 1 1

Physical and cognitive health:

Poorer 130 (100) 39 (30) 91 (70) 7.75 0.005**

Better 77 (100) 10 (13) 67 (87)

Missing2 3 1 2

Digital skills:

Lower 118 (100) 36 (31) 82 (69) 7.10 0.008**

Higher 89 (100) 13 (15) 76 (85)

Missing2 3 1 2

Perceived usefulness of
health-monitoring technologies:

Low 148 (100) 41 (28) 107 (72) 4.74 0.029*

High 54 (100) 7 (13) 47 (87)

Missing2 8 2 6

Notes: 1. This group only includes those who answered the survey (i.e. 50 individuals out of 208). 2. Missing cases were not computed in the chi-squared analyses, except for the variable ‘main job’
for which the missing cases represented a large proportion of cases. 3. This category collapses farmers, self-employed and blue-collar jobs. SD: standard deviation.
Significance levels: * p⩽ 0.05, ** p⩽ 0.01, *** p⩽ 0.001.
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57%, N = 16) ( p < 0.05). Moreover, individuals 75 years old and older were
more often decliners (43%, N = 12) compared to individuals 60–64 years old
(12%, N = 8), 65–69 years old (27%, N = 16) and 70–74 years old (24%, N =
14) ( p < 0.05).

Men and women differed significantly regarding their decision to participate.
Women declined less often and participated more often than men (decliners:
17%, N = 24 and 39%, N = 26, respectively; participants: 83%, N = 120 and 61%,
N = 40, respectively) ( p < 0.01).

Individuals who indicated they have white-collar jobs seemed to more often
accept taking part in the MIRAS evaluation (82%, N = 65) compared to those indi-
viduals who reported other job positions (70%, N = 74), but this difference was not
statistically significant in our study.

Social participation and contacts

Individuals who reported a higher frequency of social participation and contacts
seemed to participate slightly more often (79%, N = 37) and to decline less often
(21%, N = 10) than individuals who reported a lower frequency of social participa-
tion and contacts (decliners: 76%, N = 122; participants: 79%, N = 37). However,
these differences were not statistically significant.

Health-related aspects

Individuals who indicated a better health status and those with a poorer health sta-
tus differed significantly with regards to their decision to participate ( p < 0.05).
Participating in the MIRAS evaluation was significantly more common among
those indicated to have a better health status (87%, N = 67) than among those
with poorer health status (70%, N = 91) ( p < 0.05). Those with a better health status
were significantly less often decliners (13%, N = 10) than those with poorer health
status (30%, N = 39) ( p < 0.05).

Technology familiarity

Individuals who reported having higher digital skills accepted the invitation to par-
ticipate significantly more often compared to individuals with lower self-reported
digital skills (85%, N = 76 and 69%, N = 82, respectively) ( p < 0.05). It was more
common for individuals with lower digital skills to decide not to participate
(31%, N = 36) compared to their counterparts (15%, N = 13) ( p < 0.05).
Moreover, accepting the invitation to participate was significantly more common
among those individuals who agreed that health-monitoring technologies are useful
(87%, N = 47) compared to those who did not believe this (72%, N = 107) ( p <
0.05); and, it was more common among individuals who reported lower perceived
usefulness of health-monitoring technologies to decline (28%, N = 41) compared to
the group which reported higher perceived usefulness of such technologies (13%, N
= 7) ( p < 0.05).
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Modelling the self-selection of the MIRAS project

We tested a model of self-selection depending on six predictors. The predictors
were included in a stepwise manner in order to understand how they work
together. This generated four models in total. Overall, the final model (i.e. Model
4) shows that those in younger age groups, women, with better health status and
with higher digital skills had a lower likelihood of declining the invitation to par-
ticipate in the MIRAS project (OR = 0.36, p < 0.05; OR = 0.30, p < 0.05; OR = 0.43,
p < 0.05; OR = 0.39, p < 0.05, respectively) and thus participated more often, com-
pared to those in older age groups, men, with poorer health status and with
lower digital skills (Table 5).

As a first step, we tested a model which focused on the association between
the individual decision-making process regarding participation and socio-
demographic aspects which included age, gender, and current or latest main
job (i.e. Model 1). It reveals that women were significantly less likely to decline
than to be participants in the MIRAS project (OR = 0.31, p < 0.05) compared to
men. Also, individuals in white-collar jobs showed a lower likelihood of being
decliners than being participants, compared to individuals in other job positions
(OR = 0.44, p < 0.05).

In Model 2, frequency of social participation and contacts was added.
Frequency of social participation and contacts was not significantly associated
to the likelihood of declining to participate and did not contribute to the
explained variance. Both the OR values and the McFadden’s pseudo R2 are simi-
lar in Models 1 and 2.

In Model 3, a measure of physical and cognitive health was added. The model
shows that health significantly contributed to the decision to participate or not in
the MIRAS project. Those who reported better physical and cognitive health were
less likely to decline the invitation to participate in the MIRAS project compared
to those who indicated a poorer health status (OR = 0.42, p < 0.05). This also
resulted in a slight decrease in declining differences by gender (Model 2: OR =
0.32 versus Model 3: OR = 0.34). Also, the effect of job status on the decision
to participate loses significance after introducing the health variable into the
model.

As a last step, self-reported level of digital skills was included to test the final
model of self-selection based on the six predictors, i.e. Model 4. Model 4 shows
that the level of digital skills was significantly associated with the decision to decline
or not to participate in the MIRAS project. Reporting a higher level of digital skills
significantly decreased the likelihood of declining (OR = 0.39, p < 0.05), compared
to indicating lower digital skills. Adding digital skills to the model resulted in a fur-
ther decrease in the effect of job on the decision to decline (Model 3: OR = 0.49;
Model 4: OR = 0.62) which is not significant and showed an effect of age.
Individuals in the age group 60–64 were less likely to decline to participate in
the MIRAS evaluation than individuals aged 65–69 (OR = 0.36, p < 0.05).
There was an increment in the pseudo R2 value in each successive model, with
Model 4 showing the best fit compared to the previous models (McFadden’s pseudo
R2 = 0.16).
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Table 5. Regression models on the decision to participate or not in the MIRAS project

Model 11 Model 21 Model 31 Model 41

OR SE p 95% CI OR SE p 95% CI OR SE p 95% CI OR SE p 95% CI

Intercept 1.11 0.45 0.800 0.50, 2.44 1.14 0.47 0.741 0.51, 2.55 1.41 0.60 0.421 0.61, 3.24 2.11 0.99 0.11 0.84, 5.29

Age:

60–64 0.38 0.19 0.051 0.14, 1.00 0.37 0.19 0.048* 0.14, 0.99 0.37 0.19 0.051 0.14, 1.01 0.36 0.18 0.045* 0.13, 0.98

65–69 (Ref.) 1.00 1.00 1.00 1.00

70–74 0.85 0.38 0.715 0.36, 2.03 0.85 0.38 0.706 0.35, 2.02 0.79 0.34 0.6 0.32, 1.92 0.75 0.34 0.537 0.31, 1.85

75+ 2.05 1.03 0.155 0.76, 5.49 2.11 1.07 0.142 0.78, 5.72 1.99 1.02 0.18 0.73, 5.45 1.63 0.86 0.357 0.58, 4.57

Gender:

Men (Ref.) 1.00 1.00 1.00 1.00

Women 0.31 0.11 0.001*** 0.16, 0.62 0.32 0.11 0.001*** 0.16, 0.63 0.34 0.12 0.003** 0.17, 0.68 0.30 0.11 0.001*** 0.14, 0.62

Main job:

Other positions
(Ref.)

1.00 1.00 1.00 1.00

White-collar jobs 0.44 0.17 0.033* 0.20, 0.93 0.44 0.17 0.036* 0.20, 0.95 0.49 0.20 0.074 0.23, 1.07 0.62 0.26 0.255 0.28, 1.40

Missing 0.41 0.25 0.151 0.12, 1.38 0.41 0.26 0.156 0.12, 1.40 0.38 0.24 0.126 0.11, 1.31 0.35 0.23 0.102 0.10, 1.23

Social participation and contacts:

Lower frequency
(Ref.)

– – – – 1.00 1.00 1.00

Higher frequency – – – – 0.81 0.36 0.636 0.34, 1.92 0.84 0.38 0.702 0.35, 2.02 0.79 0.36 0.608 0.32, 1.93
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Physical and cognitive health:

Poorer (Ref.) – – – – – – – – 1.00 1.00

Better – – – – – – – – 0.42 0.17 0.035* 0.18, 0.94 0.43 0.18 0.044* 0.19, 0.98

Digital skills:

Lower (Ref.) – – – – – – – – – – – – 1.00

Higher – – – – – – – – – – – – 0.39 0.16 0.023* 0.17, 0.88

McFadden’s
pseudo R2

0.12 0.12 0.14 0.16

Notes: 1. The reference category (Ref.) is participation. OR: odds ratio. SE: standard error. CI: confidence intervals.
Significance levels: * p⩽ 0.05, ** p⩽ 0.01, *** p⩽ 0.001.
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Discussion
In this paper, we were able to develop further, and apply, the full multi-step con-
ceptual model for the study of selective participation as elaborated in Poli et al.
(2019) and partially applied in Poli et al. (2020). Following that conceptualisation
of selective participation, we were able to isolate the different steps of selection (i.e.
pre-screening, recruitment and self-selection), to describe them, and to investigate
in more detail self-selection based on both recruitment data and individual survey
information. We aimed to understand the involvement of older people in the evalu-
ation of digital health technologies for self-care as a multi-step process from project
recruitment to the individual decision to participate (i.e. self-selection) and its asso-
ciation with socio-demographic indicators, health, social participation and technol-
ogy familiarity. This was studied within MIRAS which evaluated a Web-based
mobile phone system for monitoring post-operative progress of patients undergoing
day surgery. MIRAS intervention outcomes were not of interest for this specific
work.

Our results show that some groups of individuals are less likely to participate in
digital health research. Participation is selective as a result of selections occurring in
the pre-screening, recruitment and self-selection steps. Increasing age enhanced the
likelihood of being non-screened, non-recruited or decliner, and those who were
non-recruited were most often ineligible because of technology-related barriers.

As regards self-selection, we show that decliners and participants differed in
regard to age, gender, job, health status and digital skills, but did not differ by
the level of social participation. However, we cannot confirm the impact of the
main job when considering health status and digital skills as well.

In line with our hypothesis, belonging to a younger age group increased the like-
lihood of accepting an invitation to participate in MIRAS. This agrees with previous
studies (Mair et al., 2006; Broendum et al., 2016; Poli et al., 2020). Also, being
female increased the probability of accepting an invitation to participate. This sup-
ports what has been found in other studies that focus generally on participation in
research (Glass et al., 2015; Yang et al., 2017) but contrasts with previous findings
which reported that females were more likely to decline than men (Broendum et al.,
2016) or there were no differences (Mair et al., 2006; Poli et al., 2020). We also
found that job predicted the decision to participate. Participants were more likely
to indicate a white-collar job compared to decliners. This is in line with our
hypothesis and can be explained by the fact that white-collar workers’ activities
usually involve the use of digital technologies to a greater extent than other jobs,
which predisposes white-collar workers and former white-collar workers to be
more willing to use digital technologies outside their job (König et al., 2018). It
is also in agreement with previous studies that describe those who volunteer to par-
ticipate in digital health research as having a higher socio-economic status (van
Heuvelen et al., 2005; Green et al., 2011; Gaertner et al., 2016) than those who
refuse to participate.

In accordance with our hypothesis and previous findings (Broendum et al.,
2016), individuals reporting better health status showed a higher probability of
accepting an invitation to participate in MIRAS. This contrasts with the results
of a previous study (Poli et al., 2020) in which we did not find any health effect
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on the decision to participate. However, that result was most likely quite specific
and due to the fact that individuals with poor health status were excluded in the
early phases of the recruitment process (due to exclusion criteria) and, therefore,
did not receive an invitation to participate and did not have the chance to
participate.

Higher levels of digital skills predicted the individual decision to participate in
MIRAS. This result confirms our hypothesis and adds to previous studies which
found that older decliners were more likely to be computer non-users (Dodge
et al., 2014) and more often reported technical concerns as a reason for declining
to participate (Broendum et al., 2016). Also, it agrees with the findings of other
studies that involved broader target populations than older people (Palmas et al.,
2006; Foster et al., 2015).

Our results suggest that some older people, in particular, are less likely to be
involved in digital health research relative to their counterparts. Being conceived
and evaluated by highly selected groups of older individuals, the new digital-
based services can result in not being properly accessible and usable for those
older people who are typically neglected in digital health research. With more
digital health research being conducted, and digital-based care provision
expanding rapidly and expected to increase (Ekman et al., 2019), this can trans-
late into an increased risk of exclusion from digital technology and relevant
resources and services for some groups of older people, further widening old-age
inequalities.

We, therefore, argue that self-selection in digital health research can work as a
driver of exclusion and contribute to inequalities among older people through
selective non-participation and poor involvement. It limits the understanding
of old-age diversity and prevents some groups of older individuals from
influencing the evaluation of future services which are intended to address
their needs. Those groups of older people who are less likely to be involved in
digital health research may show more negative or more positive intervention out-
comes compared to those who are more likely to participate. This would produce
insufficient research outcomes which incorrectly inform digitalisation policies
and practice.

This study has some limitations. First, the response rate to the survey study
among decliners was 24 per cent. This reduced the amount of information available
on decliners for use in the analyses and could have diminished or increased some
predictors’ effects on the individual decision to participate. Second, reasons for
declining to participate were not available. Such reasons would have further detailed
the individual decision not to participate in MIRAS. Similarly, third, reasons for
non-screening were not available. Having access to such reasons would have
allowed a more comprehensive interpretation of the exclusion of some older indi-
viduals from even entering the recruitment phase. Fourth, women represented a
larger group in the overall sample than men. This could be due to the fact that
some of the eligible day surgeries for the MIRAS project mostly targeted women
(e.g. breast cancer surgery). Fifth, information on the types of surgery was unsys-
tematically collected and could not be used in the analyses. Type of surgery may
be a further factor influencing self-selection as it exposes the individuals to different
post-operative experiences and recovery time-frames. Depending on type of
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surgery, some individuals may be more or less prone to take part in an intervention
study after day surgery.

Nevertheless, this study provides strong evidence that digital health research
should focus more attention on self-selection and the resulting selective non-
participation. First, selective involvement of older people in digital health research
should be taken into account when conceptualising old-age digital exclusion and
defining its underlying mechanisms. Indeed, the non-use of digital technologies
can derive from poor inclusivity in evaluation phases of new digital-based services
which prevents some older people from influencing both the research results and
resultant conclusions. Second, research should identify what strategies can be
implemented to make the recruitment processes more inclusive towards those indi-
viduals who are more likely to be excluded from participating in digital health stud-
ies, and to improve evaluation results. Third, the study of self-selection and other
selection processes needs to go beyond relying only on recruitment and registry
information. Our results show the importance of including the individual perspec-
tive on participation and non-participation, and provides a more comprehensive
picture of the existing selectivity of older people in digital health research.
However, collecting information on non-participants remains challenging, there-
fore future studies should invest in understanding how to improve existing instru-
ments as well as data collection strategies. Finally, our findings are relevant beyond
digital health and can be extended to other fields of research in which innovative
interventions for older people are evaluated.
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