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Abstract—Despite their potential, the adoption of wearable
devices has been relatively slow when compared to other digital
technologies. This paper investigates, grounding on the Theory
of Planned Behavior, the adoption by end users of digital
technologies for lifestyle monitoring. Data on consumers’
perception and usage of wearable devices have been collected
through a survey administered to 1,000 Italian citizens and
further analyzed through a Structural Equation Model
approach. Results show that, above the functional value of the
device, external influence, particularly doctor opinion, exerts an
essential role in adoption. Online health literacy proves to be a
relevant factor as well, showing the importance of cultural
patterns in wearables diffusion. Implications for academicians,
practitioners and policy-makers are provided.
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I. INTRODUCTION

Wearables devices have emerged as rapidly developing
technologies with the potential to change people’s lifestyles
and improve their wellbeing, decisions, and behaviors [1].
Wearable systems are portable and can enable individuals to
benefit from analyses that have previously been confined to
research laboratories [2]. Compared to smart phones and
laptop computers, wearable devices offer consumers more
flexibility, accessibility, possibility to use while the user is in
motion, and possibility to use non-keyboard commands such
as voice and hand gestures. Despite all these benefits, the
adoption of wearable devices has been relatively slow when
compared to mainstream technologies [3]. Hence, both
practitioners and academics show a growing interest in
understanding the influential factors that explain a continued
adoption of wearable devices [4]. Technology adoption
processes, indeed, represent a fundamental piece of
knowledge to favor the diffusion of innovation [5] especially
where such a diffusion may support the adoption of virtuous
practices by users [6], as in the case of wearables. In contexts
in which public healthcare systems are exposed to budgetary
constraints, disease prevention, also through the support to
functional, healthy conducts and lifestyles becomes of the
essence to ensure welfare sustainability [7]. In this study,
following a rich stream of literature on technology adoption
(e.g. [8]-[10]), we analyze the adoption by end users of digital
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technologies for lifestyle monitoring, in order to understand
possible drivers of their adoption and to draw implications for
academicians, practitioners and policy makers.

Il. THEORY AND HYPOTHESES

Studies that have investigated the influential factors in
adopting wearable technologies have applied different
approaches, and most of them have based their study designs
on the well-known technology acceptance model and related
consumer psychology theories [11]-[13]. Grounding on such
studies, we advance that the Theory of Planned Behavior
(TPB)[14] may be used to model the adoption of digital
technologies in lifestyle monitoring. TPB was firstly
proposed as an extension of the Theory of Reasoned Action,
which was developed to predict voluntary behaviours and to
understand their determinants [15]. The TPB postulates that
behavioural Intention is the first predictor of behaviour since
it captures people’s motivations to perform it, showing how
hard they are willing to try to perform it and how much effort
they are planning to exercise. Intention is determined by three
conceptually independents constructs: Attitude toward the
behaviour (A), Subjective Norms (SN) and Perceived
Behavioural Control (PBC). Attitude refers to the overall
evaluation of the behaviour (positive or negative), and the
more positive is the Attitude toward a behaviour, the higher
will be the intention to perform it. Subjective Norms reflect
the perceived social pressure by important others to perform
the behaviour and they positively affect behavioural
intention. Perceived Behavioural Control refers to the
perceived ease or difficulty of engaging in the behaviour: the
more people feel to have control over the behaviour, the more
likely they will try to engage in it [14]. TPB is a widely
applied theory to understand and predict human behaviors
[16]-[18] and has been proved particularly effective in
predicting health behaviors [19]-[21], thus representing a
valid conceptual and theoretical background for this study. In
particular, given the specificities of the behavior investigated,
related to healthcare, we propose to focus our attention on a
specific subjective norm, i.e. the doctor opinion. Adoption of
technology for preventive healthcare, indeed, is not only
pushed by individual beliefs, but is motivated by social
pressure as well [6], [22]. This focus could also improve our



understanding of the healthcare systems in the adoption
processes of these technologies. For this reason, in this study
we will test the following hypotheses:

H1a. The perceived utility of using digital technologies to
monitor lifestyle has a positive influence on the development
of a positive attitude toward this behavior.

H1b. The attitude of using digital technologies to monitor
lifestyle has a positive influence over the intention to do it.

Hilc. The perceived control over the use of digital
technologies to monitor lifestyle has a positive influence over
the intention of doing it.

H1d. The perceived control over the use of digital
technologies to monitor lifestyle has a positive influence over
the implementation of this behavior.

H1e. The intention to use digital technologies to monitor
lifestyle has a positive influence over the implementation of
this behavior.

H2. The perceived doctor opinion on the monitoring of
daily activities with a digital device has a positive influence
on the intention to do it.

In order to understand to which extent the external, health-
related lever of adoption (i.e., the doctor) is able to motivate
users to adopt the technologies, we further investigated the
role of individuals’ health literacy in adopting the
technologies [23]. Despite consumers are more and more
inclined to look for information in different media and
channels [24], [25], health literacy could be still improved
[26]. Patients with low literacy experience poorer general
health status and use of health resources [27], [28]. Grounding
on that, we hypothesize that users more aware about
healthcare and more prone to autonomously look for health-
related information through digital channels, should modify
their model of behavior with respect to the users that are less
literate in this regards. More formally:

H3. The confidence an individual has on searching for
health information on internet has an influence on the
adoption of digital technologies to monitor lifestyle.

A. Overall model

The conceptual model on which this study is base is
depicted in Fig.1l. The model includes also four control
variables that are consistent with past research on user
acceptance models in wearable settings [3]: age, level of
education, frequency of sport activities and the presence of a
chronic disease.

I1l. METHODS

To ensure content validity we developed our questionnaire by
building on previous theoretical basis. To assure face validity,
pre-testing was conducted using a focus group involving
academics from the field and semi-structured interviews with
selected participants who were not included in the subsequent
research. We used a structured questionnaire mostly based on
a ten-point Likert scale (for further details, see Table I in

Appendix). Measurement items were developed based on the
literature review [29]-[32] and supported by expert opinions.

The data were collected through a survey administered to
1,000 citizens who are statistically representative of the Italian
population (see Table Il in Appendix). The participants were
given introduction letters that explained the aims and the
procedures of the study.

Data analysis was carried out using Partial Least Square —
Structural Equation Modeling (PLS-SEM), a second-
generation multivariate data analysis method that enables to
test linear and additive models. PLS-SEM is increasingly
adopted in the healthcare research, as it permits to analyze
composite models in a robust way [33] and does not present
the constraints of first-generation techniques toward causal
and complex modeling analysis. Among second- generation
techniques, PLS-SEM has been preferred to covariance-based
SEM, due to the explorative type of research and the
complexity of the structural model (several constructs and
indicators) [34].The estimation and data manipulation were
performed using SmartPLS3. We opted for PLS-SEM due to
the explorative type of research [35]. We performed a path
analysis on the full model and further conducted a multi-group
comparison between subjects with a low Online Health
Literacy (below sample average) against subjects with a high
Online Health Literacy (above sample average). Our sample
size was satisfactory, being more than 10-times the largest
number of structural paths directed to a particular latent
construct in the structural model [36]. Our model was
balanced in the weight of endogenous and exogenous
constructs, meeting PLS-SEM’s prediction goal [37].
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Fig. 1. Conceptual model and related hypotheses



IV. RESULTS

A. Measurement of reliability and validity

We firstly examined the reliability and validity measures
for the model constructs (see Table Il in Appendix). The
number of iterations to find convergence was 5, suggesting the
goodness of the model [38].

We measured composite reliability and Cronbach’s alpha,
as tests of convergent validity in reflective models (for a
discussion see [39]). All our values exceed the suggested
threshold of 0.7 for both composite reliability and
Chronbach’s alpha, thus confirming the validity of our model.

We used AVE, reflecting the average communality for
each latent factor in a reflective model, as a test of both
convergent and divergent validity. AVE values were above
the threshold of 0.5 [40], [41] indicating convergent validity,
thus the latent construct ability to explain a great share of the
variance of its indicators. Further, we establish discriminant
validity by the Fornell-Larcker criterion [42], which assesses
discriminant validity on the construct level, by assessing that
the square root of AVE is higher than its correlation with any
other latent variable. All our AVE square roots were satisfying
this condition. At the indicator level, we evaluated
discriminant validity by assessing that the loading of each
indicator is greater than all of its cross-loadings [40]. We
satisfied this criterion as well.

As a measure of fit of the model, we evaluated the
standardized root mean square residual (SRMR). Our model
has a SRMR below the suggested maximum value of 0.08
[43] thus confirming the good fit.

Finally, we checked our model for structural multi-
collinearity. Our structural Variance Inflation Factor (VIF)
coefficients are lower than 4 [34], suggesting that
multicollinearity is not an issue in our model.

B. Results of model estimation

After validating the measurement model, the hypothesized
relationships among the constructs were tested. A
bootstrapping with 5,000 samples was conducted [34]. The
structural model was then assessed by examining the
determination coefficients, the path coefficients and their
significance levels.

As shown in Fig. 2, hypotheses H1(a,b,c,d,e) and H2 are
fully supported, with path coefficients significant at the 0.05
significance level and below. Individual-specific variables of
age, education and sport frequency shown a significant, even
if small, influence. The presence of a chronic disease instead
does not have influence on the adoption of digital
technologies to monitor lifestyle. The coefficient of
determination R? is of 0.309 for attitude, 0.569 for intention
and 0.336 for behavior, representing adequate effects for our
model.

Blindfolding technique [44] was used as a measure of
predictive relevance of the model, by calculating the Q? value
[45], [46]. Q? values above zero indicate that the observed
values are adequate reconstructed and that the model has

predictive relevance [47]. The Q? value of cross-validated
redundancy is 0.204 for attitude, 0.476 for intention and 0.202
for behavior, showing respectively medium to large effect size
according to [48].

C. Multi-group Analysis (MGA)

PLS multigroup analysis has been used to assess if the
proposed model differs between individuals with high and
with low online health literacy. Two groups were defined
discriminating on the OHL mean (5.09) resulting in 490
subjects with high OHL and 414 subjects with low OHL. A
bootstrapping with 5,000 samples has been conducted [34].

Path coefficients, standard deviations and coefficient of
determination R? for the two groups are reported in Table IV
in Appendix. The results of the non-parametric significance
test for the difference between group-specific path coefficients
are reported as well (see [47], [49]). As noted, a significant
difference (p-value <0.05) between the two groups is found
for the following relationships: attitude on intention, intention
on behaviors and perceived behavioral control on behavior.
The other paths do not show differences between the groups,
thus only partially supporting H3.
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V. DIscuUSsSION, CONCLUSIONS AND IMPLICATIONS

The results of the study raise a number of relevant
implications for academicians, practitioners and policy
makers. First and foremost, the study demonstrates how the
Theory of Planned Behavior [14] may describe and explain
the adoption of digital technologies for lifestyle monitoring,
showing in particular that the process is significantly cognitive
in nature, given the strong relationship between intention and
behavior. As emerged in other studies [50], [51], a direct —
though not particularly strong — relationship between
Perceived Behavioral Controls and Behavior emerges, raising
the idea that habits and confidence in the instruments may be
a good driver of adoption, even beyond the intrinsic intention
to adopt. Remarkably, Attitude results strongly determined by
the construct of Perceived Usefulness, testifying that the
opinion on these devices is still strongly tied to the perception
of their functional value [52]. What characterizes our results,
yet, is the fact that, compared to traditional TPB-based
studies, our work shows that Perceived Doctor Opinion (the
stronger Subjective Norm we may imagine in this adoption
process) and Perceived Behavioral Control play a stronger
role in the development of an Intention than Attitude. This is a
remarkable result, in that it shows that the adoption of digital
technologies for lifestyle monitoring depends not only on
personal beliefs, but also, and probably foremost, on the
perception of appreciation by the doctors and by the
perception of ability to buy and use the technology. This
outcome lets hypothesize that the main driver of adoption is
external in nature, and highlights the weight and importance
of third parties’, authoritative influencers in increasing the
intention to adopt and, in turn, the actual adoption of lifestyle

monitoring technologies. This is strongly supported by the
outcomes of H3 testing, showing that Online Health Literacy
boosts the internal motivations to adopt, i.e., the role of
attitude in TPB. These findings open the way to further
research on the external drivers of adoption, less investigated
in TPB-based models but which show to be relevant in
lifestyle-related decision-making processes. It would be
particularly interesting to understand if similar external
influence is in place for other consumer healthcare
technologies. The analysis of the covariates further shows that
in our sample, which is a reliable (both in terms of size and
composition) representation of the Italian population, the
digital technologies for Lifestyle monitoring are particularly
adopted by younger, more educated and sporty users, while
there is not an apparent influence of the presence of chronic
diseases in the adoption process. This outcome shows how,
besides the external nature of the adoption process, cultural
patterns are of the essence in this kind of innovation diffusion.
A deeper investigation of the effect of culture on personal
technologies adoption is suggested, for instance through
studies conducted on different audiences and welfare
conditions. This suggests practitioner and policy makers alike
to advance proper communication and promotion campaigns
towards elder and less educated layers of the population to
increase their actual adoption. Fostering a closer relationship
between patients and doctors may improve the adoption of
technologies for lifestyle monitoring as well. The results of
our study show that the potentially most effective levers of
communication refer to an increase of doctors’ awareness on
the usefulness of these solutions (of course, if existing), but
also on their ease of use by the users.

TABLE |. INDICATOR OF THE MEASUREMENT MODEL

Construct Label Indicator
ATT1 Heath rate monitoring is important for staying well
Attitude ATT2 Steps monitoring is important for staying well
ATT3 Training monitoring is important for staying well
BEH1 Usage of apps to monitor hearth rate
Behavior BEH2 Usage of apps to mon!tor ste_ps_ )
BEH3 Usage of apps to monitor training through the wearable device
BEH4 Usage of apps to monitor calories through the wearable device
INT1 I planned to monitor my lifestyle with digital devices in the upcoming months
Intention INT2 It is probable that I’ll monito my lifestyle with digital devices in the upcoming months
INT3 | intent monitoring my lifestyle with digital devices in the upcoming months
Perceived PBC1 I have enough time to monitor my lifestyle with digital devices
Behavioral PBC2 I have enough economic resources to monitor my lifestyle with digital devices
Control PBC3 Monitoring my lifestyle with digital devices is easy

Perceived Doctor ~ PDO1

My doctor thinks that | should monitor my lifestyle with digital devices

Opinion PDO2 My doctor expects me to monitor my lifestyle with digital devices
Perceived PU1 Mon?toring my Iifestyle with d?g!tal dev?ces would improve my heal_th c_onditions
usefulness PU2 Mon!tor!ng my I!festyle w!th d!g!tal dev!ces \_Nould enable me to maintain healthy
PU3 Monitoring my lifestyle with digital devices is useful
Online Health OHL1 I know how to use internet for answering to questions about my health condition
Literacy OHL2 | am able distinguishing valuable resources from unevaluable one while searching online for health information
EDU Educa_ttion [9= Uni_versity qegree; 8 = Univ. without diploma; 7 = College degree; 6 = Col_lege wit_hout diploma 5 = Hig_h school degree;
4 = High School without diploma 3 = Elementary school degree; 2 = Elementary school without diploma; 1 = no education]
Control SPORT Frequency of sport activities [6 = three times per week; 5 = once a week; 4 = once a month; 3 = once a year; 2 = less than once a year; 1
variables = never]
CHR Presence of a chronic diseases [1 = Yes; 0 = No]
AGE Age of the respondent in years

Note: all indicators except those related to the Behavior construct are measured on a Likert scale from 1 to 10 (1 = complete disagreement with the statement; 10 = complete agreement with the statement.
The indicators related to Behavior have values from 1 to 3 (1 = Not using and not interested; 2 = Not using but interested; 3 = Using).



TABLE Il. SAMPLE DEMOGRAPHIC CHARACTERISTICS

Gender Results Education Results
Male 48% Elementary school 21%
Female 52% High school junior 32%
Age Results High school 35%
15-17 3% University 12%
18-24 8% Place of residence Results
25-34 13% City 31%
35-44 18% Town 69%
45-54 18% City/town size Results
55-64 15% Less than 30000 inhabitants 55%
65-74 16% From 30.000 to 100.000 inhabitants 21%
>74 9% From 100.000 a 500.000 inhabitants 24%

TABLE Ill. DESCRIPTIVE STATISTICS, RELIABILITY AND VALIDITY MEASURES

Constructs Estimates Indicators Final model
Cronbach a Rho_A Reliability AVE Valuable obs. Mean Std. Dev Loadings
Attitude 0.785 0.788 0.874 0.699 ATT1 953 7.406 2.607 0.821
ATT2 943 6.017 2.967 0.838
ATT3 934 6.278 2.920 0.849
Behavior 0.814 0.815 0.877 0.641 BEH1 1000 1.421 0.685 0.774
BEH2 1000 1.327 0.639 0.815
BEH3 1000 1.322 0.622 0.813
BEH4 1000 1.304 0.581 0.800
Intention 0.937 0.937 0.960 0.888 INT1 949 3.906 2.988 0.942
INT2 945 4,013 2.992 0.943
INT3 950 4.031 3.067 0.942
Perceived 0.762 0.772 0.863 0.677 PBC1 949 4.897 2.969 0.847
Behavioral PBC2 927 4.790 2.936 0.768
Control PBC3 907 5.490 2.864 0.851
Perceived Doctor Opinion 0.764 0.766 0.894 0.809 PDO1 860 5.098 2.929 0.893
PDO2 910 3.754 2.779 0.906
Perceived 0.899 0.899 0.937 0.831 PU1 935 5.084 2.993 0.913
Usefulness PU2 942 5.134 2.979 0.915
PU3 951 5.472 2.998 0.907
Online Health - - - - OHL1 928 5.109 3.052 -
Literacy OHL2 921 4.988 2.866 -
Education - - - - EDU 1000 6.491 1.570 -
Sport Frequency - - - - SPORT 1000 3.612 2.104 -
Chronic Diseases - - - - CHR 1000 0.286 0.452 -
Age - - - - AGE 1000 52.51 16.60 -

TABLE IV. MULTI-GROUP ANALYSIS RESULTS

GROUP DIFFERENCES

OHL_HIGH (N = 490) OHL_LOW (N =414) (] OHL.HIGH - OHL.LOW |)
Path coefficients Std. dev Path coefficients Std. dev Path coefficients
Attitude - Intention 0.224*** 0.038 0.110** 0.038 0.114*
Intention - Behavior 0.516*** 0.048 0.316*** 0.072 0.199**
Perceived Behavioral Control - Behavior 0.026 0.047 0.190** 0.062 0.164*
Perceived Behavioral Control = Intention 0.407*** 0.043 0.360*** 0.054 0.047
Perceived Doctor Opinion = Intention 0.303*** 0.048 0.396*** 0.059 0.094
Perceived Usefulness > Attitude 0.499*** 0.040 0.560*** 0.034 0.062
Age > Behavior -0.100* 0.044 -0.132** 0.045 0.032
Chronic disease = Behavior -0.037 0.039 0.055 0.045 0.092
Education > Behavior 0.053 0.039 0.073 0.042 0.020
Sport frequency-> Behavior 0.129*** 0.035 0.054 0.042 0.075
Attitude R? R?
Behavior 0.249 0.314
Intention 0.339 0.267
0.539 0.529
Note: * p-value <0.05; ** p-value < 0.01; *** p-value < 0.001
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