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ABSTRACT
Background: Digital health technologies have developed and significantly diffused during the
COVID-19 pandemic, especially as a solution to reach patients with chronic conditions. Trust in

these technologies is a principal component of the interaction and essential for its effectiveness.



For this reason, the study analyzes trust in digital health technologies among older people living in
remote areas in Italy to promote access to remote care.

Method: The study is based on a multiple-choice paper-based survey (n = 2073) on the propensity
to use digital technologies distributed to the over-65s in remote areas of four regions of Italy in
2022. We evaluated, through a latent class model and a latent class regression model for
polytomous outcomes, the probability that they trust health technology tools, inferred from
specific behavior and attitude.

Results: Two latent classes were identified, interpreted as higher and lower levels of trust in digital
health. The majority of respondents in our sample were classified in the higher-trust group,
indicating a generally favorable orientation toward digital health technologies, despite relatively
low levels of actual use.

Conclusion: This evidence may inform healthcare policies for older adults living in remote areas,
for whom digital health technologies have the potential to support more personalized and
accessible care.

Keywords: digital health; trust; older adults; propensity to use; digital health technologies;

Introduction

In recent years, especially with the advent of the Covid-19 pandemic, the use of digital systems for
public and private service delivery has dramatically increased (1,2). The need to continue providing
essential services has fostered the development of digital technologies and the transformation of
different sectors (3-5). In healthcare, the urgency to reach a growing number of people to
guarantee service and care delivery has driven the rapid development and adoption of digital

health and new telemedicine tools (6—8), especially for patients with chronic conditions (9,10).



Care delivery in public healthcare systems is characterized by efforts to ensure equitable access,
cost-effectiveness, and quality outcomes for diverse populations. In this context, digital health
technologies — encompassing telemedicine, electronic health records (EHRs), mobile health
(mHealth) applications, and wearable devices — offer promising solutions for enhancing
healthcare delivery. These technologies have the potential to improve access to health services,
streamline care coordination, and reduce healthcare costs while maintaining or improving the
quality of care (11,12). For instance, telemedicine has expanded access to care, especially in
underserved and remote areas, by reducing geographical barriers (13). Digital tools such as EHRs
and e-prescriptions facilitate more efficient data sharing and care continuity (14,15). Wearable
devices and mHealth applications empower patients to self-monitor and manage chronic
conditions (16,17).

However, despite their potential, implementing digital health technologies in healthcare systems
requires careful consideration of factors such as equity of access, technological literacy, and
rigorous technology assessment to ensure these tools contribute to sustainable and patient-
centered care delivery (18,19). On the population side, the determinant is connected to the
willingness to use such technologies, which are perceived to be helpful in the care process. Indeed,
in addition to the traditional barriers associated with technology adoption, mainly related to skills
and the digital divide (20,21), where difficulties are often observed in the elderly segment of the
population (22—24), it is crucial to examine whether, on the part of users, there is confidence in
such new tools (25). In particular, older adults (over 65 years of age) are the primary recipients of
investments in healthcare for chronic conditions (26—28), and are usually less accustomed to the

use of technologies (22,29). Although they have lower digital literacy than younger generations,



older adults have been more involved in adopting new health technologies, including using digital
services to overcome the pandemic shutdown. This is especially pronounced among those residing
in remote areas, who already faced challenges accessing healthcare facilities before the COVID-19
era (30,31).

Although several studies analyze the digital competence barriers of older adults (32,33), to the
best of our knowledge, the topic of trust in health technologies and willingness to use them is
fragmented. This paper aims to fill the research gap by evaluating trust in digital health
technologies among their primary recipients, older adults. More specifically, the study addresses
the practical problem of how to promote equitable access to remote and digitally mediated care
among older adults living in remote inner areas, considering a population that is at once a primary
target of digital health investments and one of the mast exposed to the digital divide. Accordingly,
the study pursues two objectives: (i) to identity and characterize latent subgroups of older adults
according to their level of trust, understood as a general dispositional orientation, in digital health
technologies, and (ii) to examine whether socio-demographic and health-related characteristics
are associated with membership in these subgroups. The evidence produced is primarily intended
to inform policymakers and public healthcare decision-makers designing digital health and
telemedicine strategies for remote areas, the public and third-sector organizations delivering
digital literacy initiatives, and ultimately the older adults themselves, whose access to care may
benefit from trust-informed interventions.

The concept of trust in digital technologies

Trust is defined as a willingness to be vulnerable, based on the positive expectations and

characteristics of another party who will perform a specific action necessary to the first party (34—



37). The trustor or trustee can be an individual, organization, institution, or system. Thus, in a
broad sense, trust in technology refers to a willingness to depend on the specific technology in a
given situation in which negative consequences are possible (38). To be considered trusted,
technology possesses the necessary attributes to function as intended. These characteristics
include adequate capacity and functionality, sufficient availability, and consistent reliability (39).
Furthermore, trust is an essential determinant of users' acceptance and adoption of digital
services (40). Indeed, it can be considered a predictor of intended use by the population(41) and
the primary construct for understanding users' perceptions of technology (42). However, the
concept of trust is tough to quantify, as it is by nature generally considered not directly measurable
(43). Indeed, the measurement of trust remains conceptually and methodologically challenging,
and there is no single standardized or universally accepted approach, even though there are some
suggestions about creating methodologically validated shared indicators to measure trust directly
(44). Even the use of specific questions or scales could be interpreted differently by users or still
mask the actual response. For this reason, trust can be considered a latent construct that is
assumed to be related only to one or more manifest variables, meaning that trust is not directly
observable but must be inferred from observable attitudes and behaviors, rather than captured
through a single direct question. (45,46). This is also more relevant in complex systems where
different determinants can influence the trust in innovative services provided, such as healthcare
(43). Factors that influence the introduction of innovations(47) and, in particular, innovative
technological tools have been examined several times in the literature (48-50), also regarding the
healthcare sector (51,52). Factors such as age, education level, income, technological capabilities,

availability, and current use of technologies were highlighted that can undoubtedly influence



adoption decisions (53,54). It is highlighted that several models were conceptualized to assess
technology acceptance and adoption, such as the Technology Acceptance Model (TAM)(55,56)
and, later, the Unified Theory of Acceptance and Use of Technology (UTAUT) (57,58), later revised
and adapted over time (59,60). Mainly concerning the age factor, the Senior Technology
Acceptance Model (STAM) was formed, a specific model that would consider the older age of
individuals faced with the need to provide for the adoption of innovative technologies (61,62).
However, none of these original models includes the trust construct (63). Indeed, trust is
frequently treated as an extension of existing models such as the TAM and the UTAUT rather than
as a central construct (64-66). Existing studies adopt heterogeneous conceptualizations of trust
(e.g., institutional vs. technological trust) and rely on diverse measurement strategies, often not
directly comparable (67). Individuals may report positive attitudes toward technology without fully
trusting it, or conversely, rely on technologies in practice despite expressing uncertainty, especially
if they are elderly (68,69). Capturing trust through observable behaviors, therefore, allows a more
nuanced interpretation of individuals’ relationships with digital health technologies (70). The
literature further distinguishes the stage at which trust operates. Before any direct experience
with a technology, prospective users form an initial, dispositional trust, grounded in general
beliefs, propensity to trust, and the perceived characteristics of the technology, which underpins
the intention to adopt it; once the technology has been used, a continuous, experience-based
trust develops, shaped by the actual interaction with the tool and expressed as the willingness to
keep relying on it (71,72). Although the mechanisms that generate trust differ across these two
stages, both rest on a more general dispositional predisposition to rely on digital tools for health.

In the present study, trust is deliberately conceptualized at this general dispositional level - as an



underlying orientation that precedes and cuts across the adoption and usage stages - rather than
as a stage-specific construct, a choice that is coherent with a sample in which actual users
represent a small minority. Reference is often made to the concept of utility and perceived ease
of use of technology (56,59), but it does not consider that users usually decide, based on their
personal experience, beliefs, and general attitudes (73). This primarily affects older people, who
have ingrained habits and tend not to recognize the usefulness of technology (63,74), seeing it
more as a means of potentially decreasing social contact(33,75) and an increasing perceived risk
in relation to limited digital self-efficacy (25,76). Thus, since there is limited research on trust in
technology adoption for elderly people, we chose to investigate this issue, with specific reference
to digital health, considering that various technologies are specifically designed for them, as a
target population mostly living in remote rural areas (13,31,69).

Methodology

Questionnaire and sample

The study is based on a paper-based questionnaire on the digital health gap distributed to the
elderly (over 65 years) living in rural remote areas of four Italian regions: Tuscany, Lombardy,
Veneto, and Calabria. The sampling was constructed to be regionally representative of the older
population living in municipalities identified as remote areas. The municipalities were classified by
the National Strategy for Inner Areas (SNAI) criteria (77). The sample size was determined to
ensure representativeness of the target population rather than to test a specific statistical
hypothesis. The sample size was determined using a precision-based approach aimed at ensuring
an adequate level of representativeness of the overall target population, rather than through a

conventional power analysis based on a pre-specified effect size. This choice was considered



appropriate because the study was exploratory and descriptive in nature and relied on latent class
analysis, rather than testing a single primary statistical hypothesis. Latent class analysis is a person-
centered modeling approach used to identify unobserved subgroups based on response patterns
across manifest variables, with model selection generally relying on fit indices and theoretical
interpretability (70,78—80). For the survey component, the required sample size was estimated
using the standard formula for proportions in large populations (81). where Z = 1.96 for a 95%
confidence level, p = 0.50 represents the most conservative expected proportion, and e = 0.05 is
the margin of error. This calculation yielded a minimum required sample size of approximately 385
respondents. The final analytical sample included 2,073 respondents from four Italian regions,
largely exceeding the minimum required threshold for the overaii study population. Eligibility for
the study was defined by explicit inclusion and exclusion criteria. Respondents were included if
they (i) were aged 65 years or older, (ii) were resident in a municipality classified as a remote inner
area according to the SNAI criteria within one of the four regions considered (Tuscany, Lombardy,
Veneto, and Calabria), and (iii) completed the paper-based questionnaire, providing valid answers
to the three benchmark items subsequently used to infer trust. Respondents were excluded if they
were younger than 65 years, resided outside the targeted remote areas, or did not provide valid
responses to all three benchmark items. On this basis, of the 2,188 older adults who took part in
the survey in the targeted areas, 115 were excluded because of missing responses to at least one
benchmark item, yielding the final analytical sample of 2,073 respondents. The resulting findings
apply specifically to community-dwelling older adults living in remote inner areas of the four Italian
regions considered and should not be generalized to institutionalized older adults, to younger age

groups, or to older adults residing in urban or non-remote areas. The inclusion of respondents



from Tuscany, Lombardy, Veneto, and Calabria was intended to capture geographical
heterogeneity across different Italian macro-areas. Moreover, the final sample size is appropriate
for latent class analysis, which requires sufficiently large samples to ensure stable class estimation
and reliable identification of latent response patterns (70,80). For further details, please refer to
Vainieri et al.(29,82) where the survey is findable in the supplementary material. Prior to
constructing the survey, we conducted a literature review to identify relevant domains. This
involved a scoping review of existing literature to ensure all key aspects of the construct, such as
intention to use (69), were covered. Moreover, we did a subjective assessment to ensure the
guestionnaire appears relevant, readable, and clear to our target audience (ltalian elderly people
living in inner areas). The process includes reviewing the forratting, layout, and clarity of the
paper in lItalian. The draft survey was assessed on a small sample of the target population,
consisting of 10 participants, to identify any confusing, leading, or poorly phrased questions. We
found no issues with the questions. The survey was administered in paper form (PAPI - Paper And
Pencil Interview) in a large print format to overcome access difficulties for those with digital and
readability weaknesses. The survey, consisting of twenty multiple-choice questions and divided
into four sections, involved the collection of (I) characteristics of respondents and their health
conditions, (Il) information on access to digital tools, (lll) use of technology for health issues, and
(IV) propensity to use them in the present and the future. The survey was not specifically
constructed to assess the level of older people's trust in health technologies, but more generally
on their actual use, plus the possible digital divide that can arise in the elderly and people living in
rural areas. For this reason, the original survey was not specifically designed to directly measure

trust through validated psychometric scales. However, in the survey are present specific items that



can capture relevant behavioral and attitudinal dimensions (perceived usefulness, current use,
and willingness to adopt), which can be interpreted as indirect manifestations of trust in digital
health technologies according to existing literature in the field of social sciences (43,67,83,84). We
based our research on trust in digital technologies for health on the point that trust is a complex
and vague concept that cannot be directly quantified. In line with social science approaches, trust
is conceptualized as a latent construct inferred from observable variables. Consequently, it can be
seen as a latent phenomenon measured indirectly by manifest variables. Three questions out of
twenty were identified within the questionnaire as benchmark indicators of trust in health
technologies:
e Question No. 1: Can technology help control your heaith conditions better?
e Question No. 2: Do you already use health technology tools (apps, sensors, smart watches,
etc.)?
e Question No. 3: Would you be willing to experiment with new technological tools to

monitor your health conditions?

These questions are interpreted as observable manifestations of underlying trust, as they reflect
individuals” willingness to rely on, evaluate, and engage with digital health technologies. Believing
useful or using a technology to control one's health, or the propensity to experiment with its use
in the future, are specifically representative of the concept of trust in technologies (36,38,39). This
approach is consistent with latent variable modeling strategies, where unobservable constructs
are estimated probabilistically through response patterns, rather than directly measured. Because

the three indicators capture a general, dispositional form of trust rather than a stage-specific one, the

analysis intentionally pools respondents who already use digital health tools with those who do not. Indeed,



from a theoretical standpoint, dispositional trust is an antecedent common to both the adoption and usage
stages, allowing the two subgroups to be meaningfully located on the same latent dimension. The latent
construct estimated by the model therefore reflects a general orientation toward digital health

technologies rather than an experience-based, usage-stage trust.

Data analysis

The analysis was performed using the R 4.1.1 statistical software (85). Initially, we identified the
responses to the three previous questions in the questionnaire as indicators of trust.

The personal characteristics of these respondents were then analyzed by gender, age, education
level, any chronic conditions, and geographic origin to provide a complete description of the
sample.

Next, polytomous variable latent class analysis (LCA) was conducted to study trust in technologies
as the variable of interest (78,79). LCA was chosen as an effective analytical method because it can
inform practice in developing strategic policies (67,70). The LCA model aims to partition the cross-
classification table of observed variables based on an unobserved categorical variable, which
removes any confounding between the manifest variables. Given the values of this latent variable,
responses to all manifest variables are assumed to be statistically independent. In essence, the
model probabilistically assigns each observation to a "latent class", predicting how that
observation will respond to each manifest variable. While the model does not automatically
specify the number of latent classes in a given dataset, a range of parsimony and goodness-of-fit
statistics can be used to make a theoretically and empirically informed decision. Since the
unobserved latent variable represents class membership, which is nominal, the latent class model

is a type of finite mixture model. Observations with similar response patterns on the manifest



variables tend to cluster within the same latent classes. Analyses were conducted using the R
packages “mirt”(86) and “poLCA” (80). Since, in the literature, trust can be considered a latent
trait, not directly measurable, and with a fuzzy conceptual definition that can be interpreted
differently by different respondents, it was decided to refer to the aforementioned statistical
model (79) that can be used to identify clusters of individuals of similar types or observations from
multivariate categorical data, to estimate the characteristics of these latent groups, and return the
probability that each observation belongs to each group. The model that best fits the data
collected according to the AIC and BIC criteria (87,88) and entropy (89) is a model that considers
two latent classes (aic=7282.373, bic=7333.104, entropy=0.74) that can be interpreted as trust in
technology (Class 1) and non-trust in technology (Class 2).

Accordingly, the various response profiles were investigated, and all possible combinations were
identified. Based on the emerging combinations, the conditional probabilities of respondents
falling into one of the two previously identified classes were checked.

Finally, Latent Class Regression (LCR) models are applied. LCR is an extension of the basic LC model
that allows for the inclusion of covariates to predict latent class membership. In the basic model,
each observation has an equal probability of belonging to any latent class before responses to the
manifest variables are considered. However, in the LCR model, these prior probabilities differ
across individuals based on a set of independent (or concomitant) variables. Due to the small
sample size relative to the number of parameters to be estimated in the model, we implemented
four independent univariate models in this paper, each using a single auxiliary variable at a time.
The four covariates considered are sex, age, educational level, and health conditions.

Findings



A total of 2073 elderly people out of 2188 living in the remote areas of four regions responded to
the questionnaire by answering the three benchmark indicators on trust in health technologies
reported in the methodology session. The sample size is adequate to obtain results representative
of the population considered, with the descriptive and non-inferential purpose of the present
analysis. Table 1 shows that among the participants who answered all the questions on trust, most
are between 65-74 years old (55.14%), there is gender balance, and most have only had access to
primary grades of education, such as elementary school (36.37%) or secondary school (36.47%).

Table 1 Respondents’ characteristics and geographical origin

Gender Men Female

1042 (50,27%) 1031 (49,73%)

Age 65-74 75-84 85+

1143 (55,14%) 707 (34,10%) 223 (10,76%)

Education  Primary School Middle School High School Degree or more

754 (36,37%) 756 (36,47%) 437 (21,08%) 126 (6,08%)

Chronic no yes

diseases 846 (40.81%) 1227 (59,19%)

Regions Lombardy Veneto Tuscany Calabria

496 (23.93%) 597 (28,80%) 308 (14,85%) 672 (32,42%)

Most respondents (58.03%) recognize that technology can help them control their health,
compared with just over one-third who are undecided (36.37%), and only a tiny percentage

(5.60%) explicitly declare that they do not consider it worthwhile. The majority of survey



participants would be willing to experiment with new health technology systems in the future
(69.61%), even though just under one-fifth of them use them in their daily lives (17.12%). Indeed,
current users represent only a small minority of the sample, so that the latent structure is
overwhelmingly informed by respondents at the pre-adoption stage. Indeed, most of the sample
does not already use health technology tools (82.88%). Table 2 shows the data and response rates
for the three benchmark questions.

Table 2 Response data and percentages for the three benchmark questions to assess trust (with

variable references).

Core questions Answer Percentage Answer Percentage Answer Percentage
and variables NO of NO (%)  YES of YES (%) DON'T of DON'T

KNOW KNOW (%)

Question n. 1 116 5.60 1203 58.03 754 36.37
Question n. 2 1718 82.88 355 17.12
Question n. 3 630 30.39 1443 69.61

Next, based on the combination of participants' responses to the baseline questions on trust, it
was found in which latent variable identified by the latent class model respondents were most
likely to be included. Class 1, representing the group that trusts health technologies, included 61%

of the sample respondents, while Class 2, or the group of those who do not trust, included 38%.



Figure 1 represents the graphical expression of the probability of being in a given class based on

the answers provided in our multidimensional item response theory (MIRT) model.

Figure 1 Graph expression of the multidimensional item response theory model reporting the
probability of being in one of the two classes based on the responses to the trust baseline questions

(outcome: no=1, yes=2, don’t know=3).
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These analyses, regarding the probability per single answer, are shown in Table 3, and they show
how the answers to questions 1 and 3 drive participants to converge in one or the other class.
Indeed, the choice of whether to use new health technologies in the future leads to quite opposite
solutions: those who answer “yes” have a 95% probability of ending up in the class of those who
have confidence in them, those who answer “no” have a 72% probability of being included in the
class in which they do not. As for the question assessing the usefulness of technologies for health,

on the other hand, those who answered “yes” are 83% more likely to be included in Class 1, while



it is interesting to point out that, for Class 2, the answer “don't know” is the most relevant one,
being able to comment on how an undecided answer tends to be seen as a lack of confidence.
Finally, question 2, regarding the use of health monitoring tools, notes how the “no” answer

results in a high conditional probability of being included in both classes.

Table 3 Conditional probability of falling into any of the two classes based on responses to the

baseline questions.

Questions/Variables Classes Answer NO Answer YES Answer DON'T
KNOW
Questionn. 1 Class 1 0.0009 0.836 0.1631
Class 2 0.1443 0.170 0.6857
Question n. 2 Class 1 07282 02718
Class 2 0.2500 0.0100
Question n. 3 Class1 0.0470 0.9530
Class 2 0.7161 0.2839

Moreover, eleven possible combinations were found in our data after analyzing all the possible
response combinations in the survey. The combination “no, yes, no” is the only one not present in
our data; therefore, the model created does not capture it (its probability is equal to zero). The
analysis verified that the highest conditional probability of being included in Class 1 is when all

questions are answered positively (combination n. 7, p=0.9986). In contrast, the highest



conditional probability of being included in Class 2 is combination n. 1, where the answers are
always negative.

It should be noted that, as anticipated by the lack of the combination of responses, there are no
subjects in the sample who already use health technology tools but feel that they do not help
monitor health status and, at the same time, are not inclined to use new ones in the future.
Those who respond positively to the first two questions, regardless of their answer to the third,
will fall into Class 1 (combination n. 6 and n. 7). It appears, on the other hand, that those who have
doubts about the usefulness of such tools (answer “don't know”), even if they already use them,
if they have the propensity to use new ones will fall in Class 1 (p=0.9726), as per combination n.
11. If the last answer is negative, they will tend to fall in Class 2 {p=0.5909), as per combination n.
10. If one answered positively to the first and third, the non-use of technological tools for health
does not influence the likelihood of being included in the group in which there is confidence in
technologies (combination n. 5, Class 1 p=0.9513). If, on the other hand, although not using such
tools, one is likely to use them in the future but does not rate them as helpful in monitoring health
status, the respondent will tend to fall into Class 2 (combination n. 2, Class 2=0.9701). See Table 4
for all specific combinations.

Table 4 Conditional probability of fit into one of the two classes based on the possible answers to

the three baseline questions to assess trust.

Possible Question Question Question Class 1 Class 2 Total
Combinations n. 1 n 2 n 3 Trust No Trust  respondents
1 no no no 0.0006 0.9994 89

2 no no yes 0.0299 0.9701 26



3 no yes yes 0.5362 0.4638 1

4 yes no no 0.2760 0.7240 133
5 yes no yes 0.9513 0.0487 772
6 yes yes no 0.9346 0.0654 14
7 yes yes yes 0.9986 0.0014 284
8 don’t know  no no 0.0181 0.9819 386
9 don’t know  no yes 0.4861 05139 312
10 don’t know  yes no 0.4091 0.5909 8
11 don’t know  vyes yes 0.9726 00274 48

To estimate the LCR models, the covariates “Age” and “Education” were redefined as follows. Age
has been categorized into two categories (less than 75 years old; 75 and older). Educational level
has been rewritten into two categories (elementary and middle school; high school and university
degree or more). The health status represented by the variable chronic disease and the variable
sex remained unchanged, as it was already a dichotomous variable. In our three different models,
the considered covariates are not statistically significant at a 95% confidence level: Age (p-value
0.11), Education (p-value 0.05), Gender (p-value 0.30), and Chronic conditions (p-value 0.17).
Discussion

Our study aimed to analyze the topic of trust in new digital health technologies at the Italian level.
Trust plays a vital role in the willingness to embrace technology and rely on it for healthcare needs
(76,90-93), on par with other factors such as perceived usefulness and ease of use, might be

(55,57), and the technology assessment (18,94). Indeed, the findings show that the older adults in



our sample mostly tend to trust digital health technologies, believing they can help monitor their
conditions and would be willing to use them in the future. Although only a portion of them
responded that they already use wearable devices, this did not influence whether they might
decide to use them moving forward. This finding suggests that trust may precede actual use,
indicating a latent predisposition toward digital health technologies that is not yet translated into
an actual behavior. Definitely, there seems to be a large portion of the older population that
appears inclined to adopt and confident in using new technological tools for health, believing that
the problems to be overcome in the digital sphere are mostly related to the lack of skills and
difficulty in using the technologies themselves(95) and not based on mistrust (96). This analysis
indeed provides valuable insights for future policymaking in the realm of digital health technologies for

older adults. Educational level showed only a borderline association with trust in our sample (p = 0.05),

which did not reach conventional statistical significance but points in the same direction as previous
evidence (53,97,98). Otherwise, age and health conditions seem not to be a significant moderating
factor affecting trust, having to be assumed that the educational level could cover the effect of
age and that trust is not directly related to chronic conditions and, consequently, the need for
increased use of devices to control it. Compared with other studies, however, no differences were
found in gender (99,100). The finding that educational level appears more relevant than age in
shaping trust in digital health technologies deserves further consideration. We found a significant
negative correlation between age and education level in our sample (Spearman’s rho =-0.48, p <
0.001), indicating that older participants in our study often have lower educational attainment.
While age is traditionally identified as a key determinant of the digital divide, our results suggest

that education may play a more direct role in shaping individuals’ trust and attitudes toward



technology. In particular, education can be interpreted as a proxy for cognitive and digital
capabilities, enabling individuals to better understand and interact with digital tools, thereby
fostering trust. This interpretation is consistent with the literature highlighting that the digital
divide is increasingly shifting from a demographic gap (age-based) to a capability gap (skills-based)
(80). In this perspective, older age per se may not directly reduce trust, but rather operates
through mediating factors such as lower educational attainment, reduced digital literacy, and
limited prior exposure to technology. Moreover, the lack of statistical significance of age in our
model suggests that trust in digital health technologies may not be strictly a generational issue,
but rather a function of individuals’ ability to interpret and engage with innovation. This is
particularly relevant in the context of digital health, where perceived complexity requires a certain
level of cognitive and informational capacity to be managed. Anyway, we acknowledge that the
relationship between age and education is likely intertwined. In our sample, older cohorts tend to
have lower educational attainment, reflecting historical differences in access to education. This
may partially explain why education emerges as more relevant than age in the model. This
evidence could be significant in providing essential insights into the healthcare sector's market
and in light of future prospective evaluations on research and development of new digital
technologies (63). Indeed, these findings suggest that policies aimed at promoting the adoption of
digital health technologies should focus not only on age-related barriers but, more importantly,
on strengthening digital health literacy among the population. On the other hand, policies for
digitalizing older people should focus on communication, accessibility, and ease of use while
promoting technology integration into various aspects of their lives, from healthcare to social

interaction (101,102). Therefore, educational campaigns that emphasize the benefits and



effectiveness of these tools could be beneficial. Additionally, addressing the skepticism highlighted
by those who answer "don't know" might create a more informed population, ultimately leading
to higher adoption rates. In this way, technology could become a modality to increase the
autonomy of older adults and increase engagement in their own care (103). Indeed, especially
those with mobility challenges or those living in rural areas would gain more straightforward
access to care without traveling. Digital health technologies could also help with chronic disease
management through regular remote video consultation and real-time monitoring of vital signs.
Therefore, policies should focus on skill acquisition and establishing tools for the elderly. For
instance, specific digital literacy programs(104,105) with the involvement of the third sector could
be fostered, especially with the involvement of young digital natives: this is the case with programs
that have arisen in the different regions under analysis, where skill enhancement has been
encouraged through intergenerational matching. Moreover, public healthcare systems could
allocate specific funding to support digital health and telemedicine as essential services for
optimizing care delivery. Governments might also implement incentive programs encouraging
public healthcare organizations to adopt digital health technologies by providing additional
funding or resources for those transitioning to remote care models. In this sense, the Italian
government has allocated specific funds to promote digital transformation(106—108) through
training programs, acquiring user-friendly devices, and establishing a platform for delivering
telemedicine services at a centralized level (109). This also promotes service standardization,
ensuring interoperability and easier patient information sharing. Thus, it is a matter of forming a
constructive interaction between the health system, private companies, and the nonprofit social

enterprise sector in order for all population groups can benefit from digital health technologies.



As a result, older people could secure better access to these technologies and increase their trust
by assessing their usefulness. Finally, in terms of regulations, these synergies can produce more
secure systems, also regarding data protection, favoring the reduction of privacy concerns and

improving trust in the technologies (110).

Limitations and further research
Our study has some limitations. First, we point out that the study is specifically aimed at elderly
users living in remote areas, who were targeted because this specific group is the recipient of
several policies related to digital health. Therefore, our results should be interpreted cautiously
for applications in other populations and age groups. Second, in our study, trust was not directly
measured through validated scales, as the original survey was not specifically designed for this
purpose. The original survey was designed to explore broader aspects such as digital divide,
barriers, and propensity to use technologies; the present study focuses specifically on a subset of
variables that are theoretically linked to trust and uses them to model trust as a latent construct.
Indeed, it was inferred through proxy variables capturing behavioral and attitudinal dimensions.
While this approach is consistent with the treatment of trust as a latent construct, it may not fully
capture all its dimensions (i.e., income).
A further limitation concerns the pooling of respondents at different stages of engagement with
digital health technologies — the majority who have never used them and the minority who
already do. Because the mechanisms underpinning trust may differ between the adoption stage,
at which trust reflects an intention to adopt, and the usage stage, at which trust is shaped by direct
experience, analyzing the two groups jointly entails a degree of simplification. We mitigated this

concern by conceptualizing trust at a general dispositional level and by noting that current use was



the weakest discriminating indicator in our model; nevertheless, future studies with larger
numbers of actual users could model initial and continuous trust separately, or formally test the
stability of the latent structure across user and non-user subgroups.

Future research may focus on trust in healthcare technologies among different population groups.
It may also investigate the gaps between the different target groups and the additional factors
that could not be tested in this study, such as whether the presence of a social community may
change users' attitudes. Moreover, an extension of the model allows for the inclusion of new
covariates linked to the literature to predict latent class membership. Furthermore, trust in digital
health technologies was inferred through indirect indicators rather than measured using validated
psychometric scales. Although this approach is consistent with the conceptualization of trust as a
latent construct, it may not fully capture all its dimensions and could introduce measurement bias.
This highlights the need for future research to further refine measurement approaches in this field.
Conclusion

Older adults' trust in digital health technologies plays a pivotal role in the effectiveness of health
care delivery. While innovations in health technologies have the potential to improve access to
and utilization of health services significantly, issues such as technological literacy and perceived
complexity may hinder adoption among older adults. Despite these challenges, when trust is
established and sustained, it becomes easier to foster change toward digital. Digital health
technologies have the potential to support more personalized and efficient care. Our findings
suggest that trust in digital health technologies among older adults should not be interpreted as a
static attitude, but rather as a latent and evolving disposition shaped by experience, capabilities,

and contextual factors. Maintaining this trust and building new ones requires ensuring that



technologies are user-friendly and affordable, and that they demonstrate clear benefits in
improving health outcomes while addressing older adults' unique needs and concerns. This can
foster greater acceptance and utilization of these innovations.

Declarations

Ethics approval and consent to participate.

The study was conducted in accordance with the ethical principles of the Declaration of Helsinki
and its subsequent amendments. The present study complies with the ethical standards for human
participants in the social sciences and does not concern medical research. In accordance with Law
No. 3/2018 and Legislative Decree No. 211/2003, ethics committee approval is not required for
anonymous studies that do not involve clinical research in Italy. Participants have been informed
and have given their consent to participate by completing the guestionnaire. The data collected
are anonymous and, therefore, excluded from processing under the GDPR and the Italian Privacy
Law.

Consent for publication

Not applicable.

Competing interests

The authors report that there are no competing interests to declare.
Funding

The authors have not declared sponsorship or funding from any funding agency in the public,
commercial, or not-for-profit sectors.

References

1. Amankwah-Amoah J, Khan Z, Wood G, Knight G. COVID-19 and digitalization: The great acceleration. ]
Bus Res. 2021 Nov 1;136:602-11. doi:10.1016/].jbusres.2021.08.011 PubMed PMID: 34538980.

2. Hanelt A, Bohnsack R, Marz D, Antunes Marante C. A Systematic Review of the Literature on Digital
Transformation: Insights and Implications for Strategy and Organizational Change. Journal of
Management Studies. 2021 Jul 1;58(5):1159-97. doi:10.1111/joms.12639



3. OECD. The Covid-19 Crisis: A catalyst for government transformation? [Internet]. 2020. Available from:
https://monitor.civicus.org/COVID19/

4. Barrutia JM, Echebarria C. Effect of the COVID-19 pandemic on public managers’ attitudes toward
digital transformation. Technol Soc. 2021 Nov 1;67:101776. doi:10.1016/j.techsoc.2021.101776

5. Agostino D, Arnaboldi M, Lema MD. New development: COVID-19 as an accelerator of digital
transformation in public service delivery. Public Money and Management. 2020;41(1):69-72.
doi:10.1080/09540962.2020.1764206

6. Wilhite JA, Altshuler L, Fisher H, Gillespie C, Hanley K, Goldberg E, et al. The Telemedicine Takeover:
Lessons Learned During an Emerging Pandemic. Telemedicine and e-Health. 2022 Mar
1;28(3):353-61. d0i:10.1089/tmj.2021.0035 PubMed PMID: 34115538.

7. Hashiguchi TCO. Bringing health care to the patient: An overview of the use of telemedicine in OECD
countries [Internet]. 2020. doi:10.1787/8e56ede7-en

8. Baudier P, Kondrateva G, Ammi C, Chang V, Schiavone F. Patients’ perceptions of teleconsultation
during COVID-19: A cross-national study. Technol Forecast Soc Change. 2021 Feb 1;163.
doi:10.1016/j.techfore.2020.120510

9. Wootton R. Twenty years of telemedicine in chronic disease management-an evidence synthesis.
Journal of Telemedicine and Telecare. 2012. p. 211-20. doi:10.1258/jtt.2012.120219 PubMed
PMID: 22674020.

10. Currie M, Philip LJ, Roberts A. Attitudes towards the use and acceptance of eHealth technologies: A
case study of older adults living with chronic pain and implications for rural healthcare
Organization, structure and delivery of healthcare. BMC Health Serv Res. 2015 Apr 16;15(1).
doi:10.1186/s12913-015-0825-0 PubMed PMID: 25888988.

11. WHO. Global strategy on digital health 2020-2025 [Internet]. 2021. Available from:
http://apps.who.int/bookorders.

12. Kruse CS, Karem P, Shifflett K, Vegi L, Ravi K, Brooks M. Evaluating barriers to adopting telemedicine
worldwide: A systematic review. J Telemed Telecare. 2018 Jan 1;24(1):4-12.
doi:10.1177/1357633X16674087 PubMed PMID: 29320966.

13. Dryden EM, Kennedy MA, Conti MPH J, Boudreau MPH JH, Anwar MA CP, Nearing K, et al. Perceived
benefits of geriatric specialty telemedicine among rural patients and caregivers. Health Serv Res.
2023;58:26. doi:10.1111/1475-6773.14055

14. Biancone P, Secinaro S, Brescia V, Calandra D. Management of open innovation in healthcare for cost
accounting using EHR. Journal of Open Innovation: Technology, Market, and Complexity.
2019;5(4). doi:10.3390/joitmc5040099

15. Hoffman S. EHR Systems: Attributes, Benefits, and Shortcomings. In: Electronic Health Records and
Medical Big Data. Cambridge University Press; 2016. p. 9-37. d0i:10.1017/9781316711149.002



16.

17.

18.

19.

20.

21.

22.

23.

24

25.

26.

27.

28.

Li J, Ma Q, Chan AH, Man SS. Health monitoring through wearable technologies for older adults: Smart
wearables acceptance model. Appl Ergon. 2019 Feb 1;75:162-9.
doi:10.1016/j.apergo.2018.10.006 PubMed PMID: 30509522.

Alanazi H, Daim T. Health technology diffusion: Case of remote patient monitoring (RPM) for the care
of senior population. Technol Soc. 2021 Aug 1;66. doi:10.1016/j.techsoc.2021.101662

Miller FA, Lehoux P, Rac VE, Bytautas JP, Krahn M, Peacock S. Modes of coordination for health
technology adoption: Health Technology Assessment agencies and Group Procurement
Organizations in a polycentric regulatory regime. Soc Sci Med. 2020 Nov 1;265:113528.
doi:10.1016/J.SOCSCIMED.2020.113528 PubMed PMID: 33261901.

Steele Gray C, Ramachandran M, Brinton C, Forte M, Loganathan M, Walsh R, et al. Digitally mediated
relationships: How social representation in technology influences the therapeutic relationship in
primary care. Soc Sci Med. 2024 Jul 1;353:116962. doi:10.1016/J.SOCSCIMED.2024.116962
PubMed PMID: 38908092.

Cullen R. Addressing the Digital Divide. Online Information Review. 2001;23(5):311-20.
Rogers EM. The Digital Divide. Convergence. 2001;7(4):96-111.

Smith A. Pew Reserch Centre [Internet]. 2014 [cited 2022 Sep 1]. p. 1--26. Older Adults and
Technology Use. Available from: http://www.pewinternet.org/2014/04/03/older-adults-and-
technology-use/

Van Den Berg N, Schumann M, Kraft K, Hoffmann W. Telemedicine and telecare for older patients - A
systematic review. Maturitas. Elsevier ireland Ltd; 2012. p. 94-114.
doi:10.1016/j.maturitas.2012.06.010 PubMed PMID: 22809497.

. Yusif S, Soar J, Hafeez-Baig A. Older people, assistive technologies, and the barriers to adoption: A

systematic review. International Journal of Medical Informatics. Elsevier Ireland Ltd; 2016. p. 112—
6. doi:10.1016/].ijmedinf.2016.07.004 PubMed PMID: 27573318.

Baudier P, Kondrateva G, Ammi C, Chang V, Schiavone F. Digital transformation of healthcare during
the COVID-19 pandemic: Patients’ teleconsultation acceptance and trusting beliefs. Technovation.
2023 Feb 1;120. doi:10.1016/j.technovation.2022.102547

Sundgren S, Stolt M, Suhonen R. Ethical issues related to the use of gerontechnology in older people
care: A scoping review. Nursing Ethics. SAGE Publications Ltd; 2020. p. 88—103.
doi:10.1177/0969733019845132 PubMed PMID: 31113266.

Bianchetti A, Bellelli G, Guerini F, Marengoni A, Padovani A, Rozzini R, et al. Improving the care of
older patients during the COVID-19 pandemic. Aging Clin Exp Res. 2020 Sep 1;32(9):1883-8.
doi:10.1007/s40520-020-01641-w PubMed PMID: 32654005.

Nouri S, Khoong EC, Lyles CR, Karliner L. Addressing Equity in Telemedicine for Chronic Disease
Management During the Covid-19 Pandemic. Catalyst. 2020.



29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Vainieri M, Vandelli A, Benvenuti SC, Bertarelli G. Tracking the digital health gap in elderly: A study in
ltalian remote areas. Health Policy (New York). 2023 Jul 1;133:104842.
doi:10.1016/J.HEALTHPOL.2023.104842

Philip L, Cottrill C, Farrington J, Williams F, Ashmore F. The digital divide: Patterns, policy and
scenarios for connecting the “final few’ in rural communities across Great Britain. J Rural Stud.
2017 Aug 1;54:386-98. doi:10.1016/j.jrurstud.2016.12.002

Herron R V., Lawrence BC, Newall NEG, Ramsey D, Waddell- Henowitch CM, Dauphinais J. Rural older
adults’ resilience in the context of COVID-19. Soc Sci Med. 2022 Aug 1;306:115153.
doi:10.1016/J.SOCSCIMED.2022.115153 PubMed PMID: 35751990.

Frishammar J, Essén A, Bergstrom F, Ekman T. Digital health platforms for the elderly? Key adoption
and usage barriers and ways to address them. Technol Forecast Soc Change. 2023 Apr
1;189:122319. doi:10.1016/J.TECHFORE.2023.122319

Lee C, Coughlin JF. Perspective: Older Adults’ Adoption of Technology: An Integrated Approach to
Identifying Determinants and Barriers. Journal of Product Innovation Management. 2015 Sep
1;32(5):747-59. d0i:10.1111/jpim.12176

Baier A. Trust and Antitrust [Internet]. Vol. 96. 1986. Available from: https://about.jstor.org/terms

Jones AJl. On the concept of trust. Decision support system [Internet]. 2002;33:225-32. Available
from: www.elsevier.com/locate/dsw

Rousseau DM, Sitkin SB, Burt RS, Camerer C. Not so different after all: a cross-discipline view of trust.
Academy of Management Review. 1998;23(3):393—-404.

Mayer RC, Davis JH, Schoorman FD. An Integrative Model of Organizational Trust. Source: The
Academy of Management Review. 1995.

McKnight HD, Carter M, Clay P. Trust in Technology: development of a set of constructs and
measures. Digit 2009 Proceedings [Internet]. 2009;10. Available from:
http://aisel.aisnet.org/digit2009/10

McKnight HD, Carter M, Bennett Thatcher J, Clay PF. Trust in a specific technology: An investigation of
its components and measures. ACM Trans Manag Inform Syst. 2011;2(2):25.
doi:10.1145/1985347.1985353

Mou J, Shin DH, Cohen JF. Trust and risk in consumer acceptance of e-services. Electron Commer Res.
2017;17:255-88. doi:10.1007/s10660-015-9205-4

Gao L, Waechter KA. Examining the role of initial trust in user adoption of mobile payment services:
an empirical investigation. Information Systems Frontiers. 2017 Jun 1;19(3):525-48.
doi:10.1007/510796-015-9611-0

Li X, Hess TJ, Valacich JS. Why do we trust new technology? A study of initial trust formation with
organizational information systems. Journal of Strategic Information Systems. 2008 Mar;17(1):39—
71. doi:10.1016/].jsis.2008.01.001



43,

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Tan M, Straughan PT, Cheong G. Information trust and COVID-19 vaccine hesitancy amongst middle-
aged and older adults in Singapore: A latent class analysis Approach. Soc Sci Med. 2022 Mar 1;296.
doi:10.1016/j.socscimed.2022.114767 PubMed PMID: 35144226.

Gille F, Maals L, Ho B, Srivastava D. From Theory to Practice: Viewpoint on Economic Indicators for
Trust in Digital Health. Journal of Medical Internet Research. JMIR Publications Inc.; 2025.
doi:10.2196/59111 PubMed PMID: 39813672.

Arminger G, Kusters U. Construction Principles for Latent Trait Models. Source: Sociological
Methodology. 1989.

Van Der Werff L, Freeney Y, Lance CE, Buckley F. A Trait-State Model of Trust Propensity: Evidence
From Two Career Transitions. Front Psychol. 2019;10. doi:10.3389/fpsyg.2019.02490

Rogers EM. Diffusion of innovations. 4th ed. New York: Free Press; 1995.

Kapoor KK, Dwivedi YK, Williams MD. Rogers’ Innovation Adoption Attributes: A Systematic Review
and Synthesis of Existing Research. Information Systems Management. Taylor and Francis Inc.;
2014. p. 74-91. doi:10.1080/10580530.2014.854103

Love JH, Roper S. The Determinants of Innovation: R&D, Technology Transfer and Networking Effects.
Review of Industrial Organization. 1999.

van de Ven AH. The innovation journey: you can’t contrcl it, but you can learn to maneuver it.
Innovation: Management, Policy and Practice. 2017 Jan 2;19(1):39-42.
doi:10.1080/14479338.2016.1256780

Barlow J. Managing innovation in healthcare. Managing Innovation In Healthcare. World Scientific
Publishing Co.; 2016. 1-444 p. doi:10.1142/90044

Barlow J, Bayer S, Curry R. Implementing complex innovations in fluid multi-stakeholder
environments: experiences of “telecare.” Technovation. 2006;26.

Porter CE, Donthu N. Using the technology acceptance model to explain how attitudes determine
Internet usage: The role of perceived access barriers and demographics. J Bus Res. 2006
Sep;59(9):999-1007. doi:10.1016/j.jbusres.2006.06.003

Sarker S, Wells JD. Understanding mobile handheld device use and adoption. Commun ACM.
2003;46(12).

Davis FD. Perceived Usefulness, Perceived Ease of Use, and User Acceptance of Information
Technology. MIS Quarterly. 1989;13(3):319-40.

Venkatesh V, Davis FD. Theoretical extension of the Technology Acceptance Model: Four longitudinal
field studies. Manage Sci. 2000;46(2):186—204. d0i:10.1287/mnsc.46.2.186.11926

Venkatesh V, Morris MG, Davis GB, Davis FD. User Acceptance of Information Technology: Toward a
Unified View. Quarterly. 2003.

Venkatesh V, Bala H. Technology acceptance model 3 and a research agenda on interventions.
Decision Sciences. 2008 May;39(2):273-315. do0i:10.1111/j.1540-5915.2008.00192.x



59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Venkatesh V, Bala H. Technology Acceptance Model 3 and a Research Agenda on Interventions
Enhanced Reader. Decision Sciences. 2008;39(2):273-315.

Venkatesh V, Thong JYL, Xu X, Walton SM. Consumer Acceptance and Use of Information Technology:
Extending the Unified Theory of Acceptance and Use of Technology Quarterly Consumer
Acceptance and Use of Information Technology: Extending the Unified Theory of Acceptance and
Use of Technologyl. Source: MIS Quarterly. 2012.

Renaud K, Van Biljon J. Predicting technology acceptance and adoption by the elderly: A qualitative
study. In: ACM International Conference Proceeding Series. 2008. p. 210-9.
doi:10.1145/1456659.1456684

Chen K, Chan AHS. Gerontechnology acceptance by elderly Hong Kong Chinese: a senior technology
acceptance model (STAM). Ergonomics. 2014;57(5):635-52. doi:10.1080/00140139.2014.895855
PubMed PMID: 24655221.

Weck M, Afanassieva M. Toward the adoption of digital assistive technology: Factors affecting older
people’s initial trust formation. Telecomm Policy. 2023 Mar 1;47(2).
doi:10.1016/j.telpol.2022.102483

Dash A, Sahoo AK. Exploring patient’s intention towards e-health consultation using an extended
UTAUT model. J Enabling Technol. 2022 Nov 21;16(4):266—79. doi:10.1108/JET-08-2021-0042

Saraswat S, Singh P. The moderating role of perceived trust in predicting the adoption intention of
consumers toward online pharmacies using the application of UTAUT model. Int J Pharm Healthc
Mark. 2025 Nov 14;19(4):964—80. doi:10.1108/1JPHM-05-2024-0042

Qi Z, Han H, Abuduaini Y, Litipu A, Li J. Research on the implementation path of digital-intelligent
healthcare based on the TAM model from the perspective of high-quality development. BMC
Health Serv Res. 2026 Mar 27. doi:10.1186/s12913-026-14433-1

Sanmarchi F, Gibertoni D, Golinelli D, Gori D, Fantini MP, Scheier LM. Trust in science, medicine and
medical providers and its relations to vaccine beliefs: A latent class analysis. Scand J Public Health.
2023 Jul 9;51(5):727-34. d0i:10.1177/14034948221134187

Aslan A, Mold F, van Marwijk H, Armes J. What are the determinants of older people adopting
communicative e-health services: a meta-ethnography. BMC Health Serv Res. 2024 Dec 1;24(1).
doi:10.1186/s12913-023-10372-3 PubMed PMID: 38212713.

Jongebloed H, Anderson K, Winter N, Nguyen L, Huggins CE, Savira F, et al. The digital divide in rural
and regional communities: a survey on the use of digital health technology and implications for
supporting technology use. BMC Res Notes. 2024 Dec 1;17(1). doi:10.1186/s13104-024-06687-x
PubMed PMID: 38549176.

Weller BE, Bowen NK, Faubert SJ. Latent Class Analysis: A Guide to Best Practice. Journal of Black
Psychology. 2020 May 1;46(4):287-311. doi:10.1177/0095798420930932

Gefen D, Karahanna E, Straub DW. Trust and TAM in Online Shopping: An Integrated Modell. MIS
Quarterly. 2003 Mar 1;27(1):51-90. doi:10.2307/30036519



72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

Mcknight DH, Choudhury V, Kacmar C. Developing and Validating Trust Measures for E-Commerce: An
Integrative Typology. Information Systems Research. 2002.

Lee J, Kim HJ, Ahn MJ. The willingness of e-Government service adoption by business users: The role
of offline service quality and trust in technology. Gov Inf Q. 2011 Apr;28(2):222-30.
doi:10.1016/j.8iq.2010.07.007

Wong AKC, Lee JHT, Zhao Y, Lu Q, Yang S, Hui VCC. Exploring Older Adults’ Perspectives and
Acceptance of Al-Driven Health Technologies: Qualitative Study. JMIR Aging. 2025;8.
doi:10.2196/66778

Kang HG, Mahoney DF, Hoenig H, Hirth VA, Bonato P, Hajjar |, et al. In situ monitoring of health in
older adults: Technologies and issues. Journal of the American Geriatrics Society. 2010. p. 1579—
86. doi:10.1111/j.1532-5415.2010.02959.x PubMed PMID: 20646105.

Dhagarra D, Goswami M, Kumar G. Impact of Trust and Privacy Concerns on Technology Acceptance
in Healthcare: An Indian Perspective. Int J Med Inform. 2020 Sep 1;141.
doi:10.1016/j.ijmedinf.2020.104164 PubMed PMID: 32593847.

Barca F, Lucatelli S. Strategia Nazionale per le Aree Interne: definizione, obiettivi, strumenti e
governance [Internet]. 2014. Available from:
http://www.dps.gov.it/it/pubblicazioni_dps/materiali_uval

Lazarsfeld PF. The Logical and Mathematical Foundations of Latent Structure Analysis. In: Stouffer SA,
Guttman L, Suchman EA, Lazarsfeld PF, Star SA,, Clausen JA, editors. Measurement and prediction.
1950. p. 362-412.

Agresti A. Categorical Data Analysis. Categorical Data Analysis. John Wiley & Sons, Inc.; 2003. 1-734 p.
doi:10.1002/0471249688.fmatter

Linzer DA, Lewis JB. Journal of Statistical Software poLCA: An R Package for Polytomous Variable
Latent Class Analysis. JSS Journal of Statistical Software [Internet]. 2011;42(10):1-29. Available
from: http://www jstatsoft.org/

Cochran WG. Sampling techniques. 3rd Edition. New York: John Wiley & Sons; 1977.

Vandelli A, Bertarelli G, Vainieri M. Extended abstract. Is it all about trust? Elderly people’s propensity
to digital technology in healthcare: a case study from Italy. In: AIDEA Conference. 2023. p. 1-14.

Jokisch MR, Schmidt LI, Doh M. Acceptance of digital health services among older adults: Findings on
perceived usefulness, self-efficacy, privacy concerns, ICT knowledge, and support seeking. Front
Public Health. 2022 Dec 13;10. doi:10.3389/fpubh.2022.1073756

Mou J, Shin DH, Cohen J. Understanding trust and perceived usefulness in the consumer acceptance
of an e-service: a longitudinal investigation. Behaviour & Information Technology. 2017 Feb
22;36(2):125-39. doi:10.1080/0144929X.2016.1203024

R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for Statistical
Computing [Internet]. Scientific Research Publishing, Inc.; 2022. Available from: https://www.R-
project.org doi:10.4236/0alib.1107821



86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

Chalmers RP. mirt: A Multidimensional Item Response Theory Package for the R Environment. JSS
Journal of Statistical Software [Internet]. 2012;48(6):1-29. Available from:
http://www.jstatsoft.org/

Akaike H. This Week’s Citation Classic. A new look at the statistical model identification. Curr Cont Eng
Techonol Appl Sc. 1981 Dec 21;15(4).

Bhat H, Kumar N. On the Derivation of the Bayesian Information Criterion. School of Natural Science,
University of California [Internet]. 2010;51(4). Available from:
https://www.researchgate.net/publication/265739543

Wang MC, Deng Q, Bi X, Ye H, Yang W. Performance of the entropy as an index of classification
accuracy in latent profile analysis: A Monte Carlo simulation study. Acta Psychologica Sinica.
2017;49(11):1473. doi:10.3724/sp.j.1041.2017.01473

Zulman DM, Kirch M, Zheng K, An LC. Trust in the internet as a health resource among older adults:
Analysis of data from a nationally representative survey. J Med Internet Res. 2011;13(1).
doi:10.2196/jmir.1552 PubMed PMID: 21324832.

Montague ENH, Winchester WWI, Kleiner BM. Trust in Medical Technology by Patients and Health
Care Providers in Obstetric Work Systems. Behav Inf Technol. 2010;29(5):541-54.
doi:10.1080/01449291003752914

Liu JYW, Sorwar G, Rahman MS, Hoque MR. The role of trust and habit in the adoption of mHealth by
older adults in Hong Kong: a healthcare technology service acceptance (HTSA) model. BMC
Geriatr. 2023 Dec 1;23(1). doi:10.1186/s12877-023-03779-4 PubMed PMID: 36737712.

Yuan'V, Yeo SY, Lee KS. Different roles of interpersonal trust and institutional trust in motivating older
adults to receive COVID-19 vaccines in Singapore. Soc Sci Med. 2024 Jan 1;340:116475.
doi:10.1016/J.SOCSCIMED.2023.116475 PubMed PMID: 38064820.

May C, Mort M, Williams T, Mair F, Gask L. Health technology assessment in its local contexts: studies
of telehealthcare. Soc Sci Med. 2003 Aug 1;57(4):697—-710. doi:10.1016/S0277-9536(02)00419-7
PubMed PMID: 12821017.

Hargittai E, Piper AM, Morris MR. From internet access to internet skills: digital inequality among
older adults. Univers Access Inf Soc. 2019 Nov 1;18(4):881-90. doi:10.1007/s10209-018-0617-5

Nurmi J, Jaakola J. Losing trust: Processes of vaccine hesitancy in parents’ narratives. Soc Sci Med.
2023 Aug 1;331:116064. doi:10.1016/J.SOCSCIMED.2023.116064 PubMed PMID: 37450990.

Peine A, Marshall BL, Martin W, Neven L. Socio-gerontechnology : key themes, future agendas. 1st ed.
Peine Alexander, editor. Sociogerontechnology. New York: Routledge Taylor & Francis Group;
2021. 124 p.

Joyce K, Loe M. A sociological approach to ageing, technology and health. Sociol Health IlIn.
2010;32(2):171-80. doi:10.1111/j.1467-9566.2009.01219.x



99. Omrani N, Rivieccio G, Fiore U, Schiavone F, Agreda SG. To trust or not to trust? An assessment of
trust in Al-based systems: Concerns, ethics and contexts. Technol Forecast Soc Change. 2022 Aug
1;181:121763. doi:10.1016/).TECHFORE.2022.121763

100. Buchan NR, Croson RTA, Solnick S. Trust and gender: An examination of behavior and beliefs in the
Investment Game. J Econ Behav Organ. 2008 Dec;68(3—4):466—76. d0i:10.1016/j.jeb0.2007.10.006

101. Cimperman M, Makovec Brenci¢ M, Trkman P. Analyzing older users’” home telehealth services
acceptance behavior—applying an Extended UTAUT model. Int J Med Inform. 2016 Jun 1;90:22—
31. doi:10.1016/J.1JMEDINF.2016.03.002 PubMed PMID: 27103194,

102. Bozan K, Parker K, Davey B. A closer look at the social influence construct in the UTAUT Model: An
institutional theory based approach to investigate health IT adoption patterns of the elderly. In:
Proceedings of the Annual Hawaii International Conference on System Sciences. [EEE Computer
Society; 2016. p. 3105-14. doi:10.1109/HICSS.2016.391

103. Varey S, Dixon M, Hernandez A, Mateus C, Palmer TM, Milligan C. The role of combinatorial health
technologies in supporting older people with long-term conditions: Responsibilisation or co-
management of healthcare? Soc Sci Med. 2021 Jan 1;269. doi:10.1016/j.socscimed.2020.113545
PubMed PMID: 33339684.

104. Xie L, Mo PKH. Prospective relationship between Electronic Health Literacy and Health-promoting
Lifestyle among Chinese Older Adults: A Three-wave ! ongitudinal Study. Soc Sci Med. 2024 Aug
5;117166. doi:10.1016/J.SOCSCIMED.2024.117166

105. Mamedova S, Pawlowski E, Hudson L. A Description of U.S. Adults Who Are Not Digitally Literate
[Internet]. 2018 May. Available from: http://www.oecd.org/about/history/

106. Haggerty E. Healthcare and digital transformation. Network Security. 2017 Aug 1;2017(8):7-11.
doi:10.1016/51353-4858(17)30081-8

107. Agarwal R, Gao GG, DesRoches C, Jha AK. The digital transformation of healthcare: Current status
and the road ahead. Information Systems Research. INFORMS Inst. for Operations Res. and the
Management Sciences; 2010. p. 796—809. doi:10.1287/isre.1100.0327

108. Kraus S, Schiavone F, Pluzhnikova A, Invernizzi AC. Digital transformation in healthcare: Analyzing the
current state-of-research. J Bus Res. 2021 Feb 1;123:557-67. d0i:10.1016/j.jbusres.2020.10.030

109. Italian Council of Ministers. National Recovery and Resilience Plan - NRRP. 2021.

110. Cherif E, Bezaz N, Mzoughi M. Do personal health concerns and trust in healthcare providers
mitigate privacy concerns? Effects on patients’ intention to share personal health data on
electronic health records. Soc Sci Med. 2021 Aug 1;283:114146.
doi:10.1016/J.SOCSCIMED.2021.114146 PubMed PMID: 34242891.



