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Wearable health devices are trans-
forming the healthcare sector through 
the continuous expansion of their 
functionalities. In this context, this 
research analyzes the role of perceived 
complexity and effectiveness of wear-
able health devices in generating posi-
tive word of mouth (WOM). A sur-
vey-based quantitative study has been 
conducted among automated insulin 
delivery (AID) systems users. The 
results show that perceived complexi-
ty does not have a direct effect on 

WOM, but rather an indirect effect 
mediated by effectiveness perception. 
These findings have important impli-
cations for the design and promotion 
of devices, suggesting the need for a 
user-centered approach.
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1.  Introduction

In recent years, wearable health devic-
es have significantly transformed the 
healthcare sector thanks to their abili-
ty to monitor a wide range of physio-
logical and biochemical parameters in 
a non-invasive, continuous, and real-
time manner (Erdem et  al., 2024). 
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therefore appears to increase with the 
expansion of functionalities and fea-
tures, although this relationship 
remains unclear. In fact, recent studies 
suggest that some features – such as 
those related to customization or 
interface – may not significantly 
impact perceived satisfaction (El-Ga-
yar & Elnoshokaty, 2023). Another 
recent study supports this ambiguity. 
Adiyatma et  al. (2022) and Benbun-
an-Fich (2020) highlight how satisfac-
tion does not depend so much on the 
quantity or technological sophistica-
tion of the available functions, but 
rather on their coherence with the 
concrete needs and personal expecta-
tions of users, especially in the context 
of daily use. In this paper, “technolog-
ical sophistication” refers to an 
advanced and coherent bundle of 
technological capabilities, achieved by 
deepening and broadening constitu-
ent capabilities and securing a tight 
integration among them (Rousseva, 
2008). Considering this evidence, the 
need to adopt a theoretical frame 
capable of accurately investigating the 
user experience emerges.
Over the years, marketing theory has 
sought to classify product attributes. 
For example, the seminal research con-
ducted by Kano et al. (1984) classifies 
the characteristics of a product based 
on their impact on perceived satisfac-
tion, thus offering a useful interpretive 
framework, also in the healthcare con-
text. According to the Kano model, 
attributes are divided into three main 
categories. Must-Be attributes are con-
sidered basic, their absence generates 
dissatisfaction, but their presence does 
not increase perceived satisfaction. 
One-Dimensional attributes produce 
satisfaction in proportion to their qual-
ity and performance. Finally, Delighters 

These devices, equipped with physi-
cal, chemical, and biological sensors, 
are designed to be worn on the body 
or integrated into accessories such as 
smartwatches, rings, bracelets, or 
adhesive patches (Babu et  al., 2024). 
Wearable health devices are becoming 
increasingly sophisticated, integrating 
cutting-edge sensors, artificial intelli-
gence (AI), and machine learning 
algorithms. This enables them to ana-
lyze physiological data in real time, 
generate predictive health insights, 
and support individualized treatment 
strategies (Yang et  al., 2024; Wah, 
2025). Intelligent systems are now 
able to detect cardiac anomalies, mon-
itor metabolic markers, and even facil-
itate non-invasive glucose sensing 
through biofluids such as sweat and 
tears ( Jafleh et al., 2024).
Patients generally perceive wearable 
devices positively not only because 
they can efficiently manage health 
issues, but also because they collect 
valuable data related to glucose levels, 
physical activity, sleep, and heart rate 
(Rodríguez-Rodríguez et  al., 2024). 
Among older adults, wearables are 
appreciated for their comfort and 
non-invasiveness, yet concerns persist 
regarding costs, data reliability, and 
the psychological burden of constant 
self-monitoring (Ahn et  al., 2024). 
However, perceived effectiveness 
depends on factors such as ease of use, 
data accuracy, and compatibility with 
smartphones and digital systems 
Wang et al. (2020). Patients with dia-
betes particularly value the integration 
of wearable devices with mobile apps 
that facilitate self-management and 
motivate physical activity, although 
challenges remain in terms of interface 
usability and clarity of instructions 
(Karim et al., 2024). This appreciation 
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these attributes generates what can be 
described as perceived complexity 
(Ferreira et  al., 2021; Seneviratne 
et al., 2017). This construct does not 
merely refer to the number of integrat-
ed functions or attributes, but rather 
to the cognitive and emotional effort 
required from users to make sense of 
the device’s usefulness, usability, and 
consistency with their daily routines 
(Moore et al., 2021; Jeong et al., 2021). 
Even advanced features – i.e., person-
alized health information or environ-
mental activity recognition – may fail 
to generate satisfaction when per-
ceived as difficult to access, interpret, 
or control (Ciabattoni et  al., 2018; 
Mehrotra et  al., 2024). In this view, 
perceived complexity is treated as an 
important proximal determinant of 
satisfaction because it aggregates the 
joint effect of multiple attributes expe-
rienced during everyday use. Analyz-
ing the construct, rather than specific 
features, allows comparisons across 
devices that differ in their functions 
and interfaces, thereby improving the 
generalizability of the findings.
Understanding how users experience 
and interpret this complexity thus 
becomes crucial to predicting whether 
they are likely to perceive the device as 
effective and recommend or discour-
age its use. With this aim, the Word-
of-Mouth (WOM) – i.e., the informal 
exchange of opinions and experiences 
between individuals about a product 
or service (Bowman & Narayandas, 
2001) – emerges as a key strategy to 
support adoption and prevent aban-
donment of a wearable device. 
Although the role of WOM in shaping 
user behavior has been widely acknowl-
edged, the existing literature has not 
produced a cohesive theoretical under-
standing of WOM in the context of 

attributes, being unexpected but appre-
ciated, can positively surprise the user 
and generate enthusiasm. In the case of 
health wearable devices, safety require-
ments – such as one-key SOS calls and 
fall detection – emerge as Must-Be attri-
butes. Performance features that sim-
plify operation or daily management 
tend to behave as One-Dimensional 
(e.g., video calls in wearables or large 
displays). More advanced or hedonic 
capabilities act as Delighters, such as 
voice memos and aesthetic/social 
components (Chen & Li, 2022; Yuan 
et  al., 2025). These features often 
increase perceived complexity but, 
when viewed as useful and relevant, 
can enhance the perception of effec-
tiveness and become a source of value 
rather than a barrier.
More recently, Mao et al. (2022), have 
shown that, in an intelligent system 
for the management of elderly patients’ 
medications, basic features such as 
reminders for taking medications or 
ease of use are considered essential 
(Must-Be), while more advanced fea-
tures, such as integration with WeChat 
or longer battery life, positively influ-
ence the perception of the service’s 
effectiveness when perceived as truly 
useful for health (Delighters). The 
systematic review by Wang et  al. 
(2024) further strengthens this 
approach, showing how the applica-
tion of the Kano model in the health-
care sector helps identify the most 
relevant attributes for patient satisfac-
tion – particularly in terms of efficien-
cy, reliability and empathy – and 
reveals a positive relationship between 
the presence of Delighters attributes 
and the overall evaluation of the 
healthcare experience.
In a broader sense, marketing theory 
affirms that the combination of all 
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parency, and data ownership (Segura 
Anaya et  al., 2018; Cilliers, 2020). 
User perception varies according to 
demographic and psychological fac-
tors such as age, education level, tech-
nological self-efficacy, and interest in 
health all influence both the intention 
to use and the actual engagement with 
the technology (Chandrasekaran 
et  al., 2020; Lee & Lee, 2018). Even 
among highly motivated users, actual 
experiences may lead to misalign-
ments with expectations, physical dis-
comfort, poor data readability, and 
technical limitations can undermine 
engagement (Wen et  al., 2017). As 
noted by Lee & Lee (2020), only the 
perception of tangible clinical benefits 
seems to sustain long-term and con-
scious use. An additional relevant 
dimension concerns the relational 
aspect. As shown by Tran et al. (2019), 
the willingness to adopt wearable 
health devices does not necessarily 
correspond to unconditional accep-
tance. Many patients are only open to 
their use under human supervision, 
highlighting the continued impor-
tance of the care relationship even in 
digital health contexts. 
Given the extensive multidimension-
ality of the perception of health wear-
able devices, it would be possible to 
unify the concept by drawing from the 
relationship between functional-
ities—as described in the Kano 
model—and perceived complexity. 
The sum of individual functionalities, 
each generating a specific perception, 
could be studied by examining how 
these are perceived in terms of com-
plexity. In particular, attention should 
be directed to the extent to which this 
perceived complexity influences users’ 
perception of the effectiveness of the 
healthcare service provided.

wearable devices (Abouzeid et  al., 
2025; Ntumba & Budree, 2021). In 
particular, it remains unclear how posi-
tive WOM is generated, and which 
factors facilitate its emergence. This 
research aims to address the existing 
gap by exploring how factors such as 
the perception of device complexity 
and effectiveness affect WOM among 
users of wearable devices, with a partic-
ular focus on the experimental context 
of diabetes care. By examining the rela-
tionship between these variables, the 
research provides valuable insights into 
how user experiences with wearable 
devices can foster positive social influ-
ence and contribute to the broader 
adoption of these technologies in 
healthcare.

2.  Theoretical background 
and hypotheses

2.1.  Wearable health devices per-
ception
The growing diffusion of wearable 
health devices has attracted the atten-
tion of the healthcare literature not 
only for their technical functionalities, 
but also for the way they are perceived 
by users in the daily management of 
their health. Recent studies have high-
lighted that this perception is multidi-
mensional, encompassing functional 
aspects – such as usability, comfort, 
and integration – as well as emotional, 
ethical, and social evaluations (Chong 
et al., 2020; Cilliers, 2020; Guillén-Gá-
mez & Mayorga, 2019; Segura Anaya 
et  al., 2018; Soliño-Fernandez et  al., 
2020; Tran et al., 2019). Chong et al. 
(2020), for example, emphasize expe-
riential elements such as motivation, 
discretion, and a sense of responsibili-
ty in health monitoring. Alongside 
these positive assessments, concerns 
also emerge regarding privacy, trans-
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Based on these considerations, the 
following research hypothesis is pro-
posed:

H1. Health Device Complexity Perception 
positively influences Health Treatment Effec­
tiveness Perception.

2.3.  Health Device Effectiveness Per-
ception and WOM
In the context of wearable devices in 
healthcare, effectiveness goes beyond 
the technical functionality of the 
device. It also encompasses the 
patient’s perception of the device’s 
ability to deliver tangible benefits in 
daily life (Rodriguez-León et  al., 
2021). According to Adjei et al., 2010, 
the perceived effectiveness of a health 
device (or Health Device Effective-
ness Perception) refers to the subjec-
tive perception of how effective a 
given health treatment is in curing or 
improving a clinical condition. For 
example, a continuous glucose moni-
toring device may be perceived as 
effective not only if it provides accu-
rate readings, but also if it enables 
better dietary management, greater 
decision-making autonomy, and a 
reduction in glycemic spikes (Luo 
et al., 2022; Moulaei et al., 2021). 
When users perceive a treatment as 
effective, both technically and experi-
entially, they tend to develop a high 
level of satisfaction, which often trans-
lates into active sharing of their expe-
riences through WOM (Gu et  al., 
2018; Liang & Scammon, 2011). 
WOM can be either positive – when 
users share favorable impressions and 
satisfaction – or negative, when they 
express disappointment or warn oth-
ers against adoption. Positive WOM 
(hereafter WOM) is particularly effec-
tive in enhancing perceived credibility 

2.2.  Health Device Complexity Per-
ception
Device complexity is a central concept 
in the study of technology adoption 
behaviors, particularly in relation to 
innovative solutions such as wearable 
devices in healthcare. According to 
Adjei et al. (2010), the complexity of a 
device refers to a consumer’s subjec-
tive perception of the difficulty of 
using a product or service. In health-
care and technological contexts, sever-
al studies have shown that perceived 
complexity (or Health Device Com-
plexity Perception) is not necessarily 
interpreted as a barrier but may instead 
serve as a positive signal of reliability, 
accuracy, and technological sophisti-
cation. Dellaert & Stremersch (2005) 
found that, when users possess ade-
quate motivation and expertise, com-
plexity can enhance the perceived util-
ity of a product. Similarly, Xie et  al. 
(2021) demonstrate that regular use 
of wearable devices fosters mastery 
experiences that reinforce perceived 
self-efficacy and, indirectly, trust in 
the device itself. Along the same lines, 
Rupp et  al. (2018) emphasize that 
complexity, when embedded in a 
functional and engaging design, can 
stimulate user engagement and 
increase trust in the technology. Yang 
et al. (2016) further confirm that attri-
butes commonly associated with com-
plexity, such as advanced functional-
ity, device compatibility, and sophisti-
cated aesthetics, contribute positively 
to perceived value and product adop-
tion. Supporting this perspective, Lu 
et al. (2020) highlight that the ability 
of wearable devices to conduct real-
time, multiparametric health monitor-
ing conveys clinical value even to users 
who may not fully understand the 
underlying technical infrastructure. 

Copyright © FrancoAngeli 
This work is released under Creative Commons Attribution - Non-Commercial – 

No Derivatives License. For terms and conditions of usage please see: http://creativecommons.org



140

SAGGI

M
E
C
O
SA

N
 –

 IS
SN

e 
23

84
-8

80
4,

 2
02

5,
 1

34
 D

O
I: 

10
.3

28
0/

m
es

a2
02

5-
13

4o
a2

20
30

H3. Health Device Effectiveness Perception 
positively mediates the relationship between 
Health Device Complexity Perception and 
Word-of-Mouth (WOM)

2.4.  The moderation role of age
Age is a key factor in shaping user 
interactions with digital health tech-
nologies (Kim & Ho, 2021). The use 
of complex devices is more wide-
spread among younger individuals, 
who demonstrate greater familiarity 
with innovation and the operation of 
advanced devices (Calderón et  al., 
2022). Conversely, older users tend to 
experience greater difficulties in man-
aging technology, partly due to lower 
perceived self-efficacy and greater 
resistance to change (Oh et al., 2021).
These differences are also reflected in 
how technological complexity is per-
ceived and evaluated (Zhang et  al., 
2022). Younger individuals tend to 
associate it with greater efficacy per-
ception, interpreting it as an indicator 
of advanced functionality and poten-
tial clinical benefits (Ferreira et  al., 
2021; Kyytsönen et  al., 2023). Con-
versely, older users may perceive many 
of the additional features as superflu-
ous or redundant, even when objec-
tively effective. Consequently, as age 
increases, there is a tendency to evalu-
ate complexity more critically, attrib-
uting a lower perceived effectiveness 
to the device (Chandrasekaran et  al., 
2021; Moore et al., 2021).
However, when older users recognize 
the effectiveness of a technological 
device, they tend to value it as a signif-
icant novelty, thus increasing their 
propensity for WOM. Conversely, 
among younger individuals – now 
accustomed to high levels of efficacy 
on digital devices – this characteristic 
tends to be taken for granted, with a 

and encouraging engagement (Alex-
androv et  al., 2013). Peer-to-peer 
exchanges, both offline and online, 
can reduce skepticism and strengthen 
trust in the technology (Kim et  al., 
2024a; Yang et  al., 2024). WOM is 
fueled by personal testimonials, case 
studies, online reviews, and commu-
nity forums, all of which play a crucial 
role in influencing the decisions of 
potential health device users 
(Aljawawdeh et  al., 2024a; Hasan & 
Stannard, 2022). In particular, a posi-
tive user experience, based on per-
ceived value, quality, and ease of use, 
has been shown to strongly correlate 
with the willingness to recommend 
the device to others (Uzir et  al., 
2023a). Therefore, a wearable device 
that is perceived as effective supports 
the informal dissemination of health 
information, fosters peer trust, and 
encourages further adoption behav-
iors. Turan et  al. (2016) found that 
perceived healthcare service quality – 
including dimensions such as reliabili-
ty, responsiveness, empathy, and tan-
gibles – has a significant positive 
impact on patient satisfaction and 
WOM sharing. However, due to its 
inherent ambiguity, there is no 
straightforward relationship between 
perceived complexity and WOM. Per-
ceived effectiveness plays a crucial 
role, as it allows users to reinterpret 
complexity as an indicator of clinical 
value rather than as a barrier to use 
(Lu et al., 2020; Yang et al., 2016).
Based on this evidence, it is possible 
to formulate the following research 
hypothesis integrating the conceptual 
framework depicted in Figure 1:

H2. Health Device Effectiveness Perception 
positively influences Word-of-Mouth 
(WOM).
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destroys the insulin-producing beta 
cells in the pancreas, leading to a com-
plete dependence on insulin therapy, 
whereas Type 2 Diabetes (T2D) is 
characterized by insulin resistance and 
a progressive decline in beta-cell func-
tion, often associated with lifestyle 
factors such as obesity and physical 
inactivity (Cnop et  al., 2005). Diabe-
tes has become a global health chal-
lenge, with its prevalence steadily 
increasing worldwide and significant 
implications for health systems 
(Avilés-Santa et al., 2020). Within the 
epidemiological context in Italy, the 
National Diabetes Network AMD 
(2023) reported 42,352 active adults 
with type 1 diabetes in 2023 (19,261 
women; 23,091 men). The mean age 
was approximately 49 years (49.5 in 
women; 47.9 in men). Among patients 
seen in 2023, new diagnoses account-
ed for approximately 2.5-3.0% and 
first-time visits approximately 3.5-
3.9%. These data contextualize the 
epidemiology observed in specialist 
care and frame our focus on adults 
with type 1 diabetes.
In the context of diabetes manage-
ment, wearable devices have intro-
duced a major shift, enabling glucose 

lesser impact on the willingness to 
share the experience (Zhao et  al., 
2024).
These observations suggest that age, 
on the one hand, attenuates the rela-
tionship between perceived complexi-
ty and perceived efficacy, and on the 
other, strengthens the relationship 
between perceived efficacy and 
WOM. Based on these premises, the 
following hypotheses are formulated:

H4a. Age negatively moderates the effect of 
Health Device Complexity Perception on 
Health Device Effectiveness Perception.

H4b. Age positively moderates the effect of 
Health Device Effectiveness Perception on 
Positive WOM. 

3. Methodology and results

3.1.  Diabetes management
The research was conducted within 
the context of diabetes management, 
focusing on the use of wearable devic-
es by patients for the daily monitoring 
and treatment of the condition.
Diabetes is generally classified into 
two main types. Type 1 Diabetes 
(T1D) is an autoimmune condition in 
which the immune system attacks and 

Age

Health Device
Effectiveness Perception

Health Device
Complexity Perception Positive WOM

Fig. 1   
The proposed conceptual 
framework

Covariates: Gender, Education.
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While this sampling method can 
introduce potential biases due to its 
limited representativeness (Sedgwick, 
2013), efforts were made to mitigate 
these biases. The sample was charac-
terized with respect to national epide-
miological and socio-demographic 
benchmarks (AMD, 2023; ISS, 2022). 
While overall gender alignment with 
Italian T1D estimates was noted, the 
age profile was younger, consistent 
with the predefined inclusion range 
(16-74 years) and recruitment to a 
single hospital clinic with an AID pro-
gram. All participants had T1D and 
were users of AID systems. Therefore, 
age is included as a covariate in all 
analyses, and generalizability refers to 
T1D patients aged 16-74 years in a 
hospital setting.
The questionnaires were distributed 
in paper format by two interviewers 
over a four-week period between June 
and October 2024. Interviewers 
approached patients, explained the 
study procedure, and obtained 
informed consent before asking them 
to complete the questionnaire. To 
measure the variables defined in the 
framework, the questionnaire includ-
ed standardized measurement scales. 
Additionally, to minimize cognitive 
biases and heuristics, the constructs 
were presented in a reverse order rela-
tive to their placement in the frame-
work (Podsakoff et al., 2003).
Health Device Complexity Perception 
(HDCP) was measured by adapting 
the three-item semantic differential 
Product Complexity scale (Adjei et al., 
2010). The items assessed percep-
tions of complexity in terms of diffi-
culty and effort required to use the 
product, using bipolar adjectives such 
as “complicated/not complicated”, 
“difficult to use/not difficult to use”, 

monitoring through alternative bioflu-
ids such as sweat, saliva, tears, and 
interstitial fluid (Kim et  al., 2024b). 
Beyond offering more personalized, 
comfortable, and less invasive alterna-
tives to traditional methods, technolo-
gies such as Automated Insulin Deliv-
ery (AID) system, consisting of a con-
tinuous glucose monitor (CGM), an 
insulin pump, and a control algorithm, 
have become essential in the daily rou-
tines of patients with T1D. However, 
this constant control may generate 
emotional stress, related to the need 
for continuous data interpretation and 
ongoing decision-making (Ahn et  al., 
2024). The most recent scientific evi-
dence highlights how AID systems 
significantly improve glycemic con-
trol, increase the time in the target 
range (Time in Range) and reduce the 
risk of hypoglycemia, especially 
during the night hours (Renard, 
2023). The joint consensus of the 
American and European Diabetes 
Associations underlines that, although 
AID represents a clinical break-
through, its effective adoption requires 
careful management of expectations, 
continuous support and patient edu-
cation (Sherr et al., 2022).

3.2.  Sampling and measures
To test the model presented in Figure 
1 and evaluate the proposed hypothe-
ses, a structured questionnaire was 
developed using validated measure-
ment scales for the relevant constructs. 
The questionnaire was administered 
to a sample of participants recruited 
from an Italian hospital. Following 
methodologies commonly used in 
similar research (Wong et  al., 2022), 
participants were selected through 
convenience sampling, ensuring vol-
untary and anonymous participation. 
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cation, and 13 (6%) had only primary 
education. Regarding diabetes history, 
25 participants (11.4%) had been 
diagnosed with type 1 diabetes within 
the past five years, 42 (19.2%) between 
five and ten years ago, 39 (17.8%) 
between ten and fifteen years ago, and 
113 (51.6%) more than fifteen years 
ago. In comparison with national epi-
demiological data on T1D (AMD, 
2023; ISS, 2022;), the sample shows a 
younger age profile, consistent with 
the pre-specified inclusion range (16-
74 years) and recruitment in a single 
hospital AID clinic. Sex is broadly 
aligned with national figures. 

3.4.  Data Analysis
First the assumption of multivariate 
normality through Mardia’s test (Cain 
et  al., 2017) was checked and was 
assessed the risk of Common Method 
Variance (CMV) bias using the Com-
mon Latent Factor (CLF) test (For-
nell & Larcker, 1981; Podsakoff et al., 
2003). Using AMOS software a Con-
firmatory Factor Analysis (CFA) was 
then carried out, and the internal con-
sistency of each scale was evaluated 
through Cronbach’s α coefficient. 
After this preliminary analysis, refer-
ence was made to the literature (Dia-
mantopoulos et  al., 2012) to average 
the item responses across all scales for 
hypothesis testing. Finally, a sequen-
tial moderated mediation analysis was 
conducted using the PROCESS 
macro for SPSS, Model 58 (Hayes, 
2022), while considering age as mod-
erator and gender and education as 
covariates.

3.5.  Results
Mardia’s test revealed a slight devia-
tion from normality, with multivariate 
skewness (B = 4.49, p < .01) and mul-

and “requires a lot of effort to use/
does not require a lot of effort to use”. 
Health Device Effectiveness Percep-
tion (HDEP) was assessed using a 
five-item scale adapted from Cheng 
et al. (2017). The items evaluated par-
ticipants’ beliefs regarding the effec-
tiveness, power, and usefulness of the 
treatment, as well as its perceived like-
lihood to provide a quick and thor-
ough recovery. Following a well-estab-
lished procedure in expectancy-value 
models (Ajzen and Fishbein, 1980), 
WOM was assessed by asking partici-
pants about the strength of their inten-
tion and the likelihood of recom-
mending the device to others.
All items were rated on Likert-type 
scales ranging from 1 to 5. The word-
ing of all items was translated from 
English to Italian following an itera-
tive translation and back-translation 
approach (Douglas & Craig, 2007). 
Finally, the survey collected socio-de-
mographic data – gender, age, and 
level of education – as well as the 
duration since their diagnosis.
To protect consumers’ anonymity 
and reduce evaluation apprehension 
(Podsakoff et  al., 2003), the ques-
tionnaire assured participants that 
their responses would remain anony-
mous and that there were no right or 
wrong answers.

3.3.  Sample
The sample consisted of 219 partici-
pants with a diagnosis of T1D, includ-
ing 104 men (47.5%) and 115 women 
(52.5%), with age between 16 and 74 
years (M = 35.49, SD = 16.58). Edu-
cational levels were well-balanced: 47 
participants (21.5%) held a bachelor’s 
degree, 108 (49.3%) had a high school 
diploma or equivalent, 51 (23.2%) 
had completed lower secondary edu-
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Table 1), with the following indices: 
χ²/d.f. = 3.533, p < .001; GFI = .859; 
CFI = .912; NFI = 0.871; SRMR = 
0.081. Factor loadings and average 
variance extracted values were all 
above .50, while construct reliability 
and bivariate correlations exceeded 
.70. These findings confirmed the 
model’s discriminant and convergent 
validity, with no evidence of multicol-
linearity (Fornell & Larcker, 1981; 
Grewal et al., 2004; Hair et al., 2012). 
Finally, internal consistency was 
assessed through Cronbach’s α, with 
all coefficients above the recommend-

tivariate kurtosis (B = 98.62, p < .01). 
Therefore, to ensure that indirect 
effect estimates remained robust with-
out affecting direct effect results, a 
bootstrapping procedure with 5,000 
resamples was employed (Cain et  al., 
2017). The analysis of common meth-
od bias through the CLF test showed 
that the variance accounted for by the 
common factor was 41.3%, indicating 
that CMV bias was not a significant 
issue in this study (Fornell & Larcker, 
1981; Podsakoff et al., 2003). Regard-
ing model fit, the CFA results suggest-
ed an adequate fit to the data (see 

Table 1  –  Measurement scales and Confirmatory Factor Analysis

Measurement scales and items M SD FL CR AVE α

Health Device Complexity Perception (HDCP) 2.82 .51  .80 .57 .83

HDCP1 – complicated/not complicated   .81    

HDCP2 – difficult to use/not difficult to use   .76    

HDCP3 – requires a lot of effort to use/does not require a lot of 
effort to use

  .69    

Health Device Effectiveness Perception (HDEP) 3.21 .54  .88 .60 .89

HTEP1 – How effective do you think your Automated Insulin 
Delivery system is in treating diabetes?

  .85    

HTEP2 – How powerful do you think your Automated Insulin 
Delivery system is in treating diabetes?

  .76    

HTEP3 – How useful do you think your Automated Insulin Delivery 
system is in treating diabetes?

  .81    

HTEP4 – If you use your Automated Insulin Delivery system to 
treat your diabetes, how likely do you think it will cure you 
quickly?

  .75    

HTEP5 – If you use your Automated Insulin Delivery system to 
treat your diabetes, how likely do you think it will cure you 
thoroughly?

.69

Word-of-Mouth (WOM) 3.30 .68  .82 .70 .91

WOM1 – I would strongly recommend the automated insulin pump 
therapy to a person with a similar form of diabetes in the future.

  .89    

WOM2 – I am likely to talk positively about automated insulin 
pump therapy to a person with a similar form of diabetes in the 
future

  .78    

Note: M = Mean, SD = Standard Deviation; FL = Standardized factor loading (all significant at a 0.01 level); CR = Construct Reliability; AVE 
= Average Variance Extracted; α = Cronbach’s α; * = reverse items. N = 219. Fit statistics: χ2/d.f. = 3.533, p < .001; GFI = .859; 
CFI = .912; NFI = .871; SRMR = .081.
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cal framework, the results align with 
H2, showing that the perception of 
health treatment effectiveness plays a 
crucial role in shaping WOM. A high-
er Health Treatment Effectiveness 
Perception leads to a significant 
increase in the likelihood of WOM (B 
= .693, SE = .076; t = 9.140, p < .001; 
R2 = .582). Finally, in support of H3, 
the findings indicate that the effect of 
Health Device Complexity Perception 
on WOM is mediated by the Health 
Device Effectiveness Perception. The 
indirect effect is statistically signifi-
cant (B = .262, Boot SE = .050; Boot 
LLCI = .365, Boot ULCI = .365, p < 
.05), suggesting that while complexity 
perception does not directly influence 
WOM, it contributes to shaping it 
indirectly through its impact on device 
effectiveness perception. This media-
tion effect underscores the impor-
tance of perceived effectiveness as a 
key driver of patient communication 
behaviors.
Finally, results of moderation analysis 
confirm hypotheses H4a and H4b 
(Table 5). Specifically, Age appears to 
confirm that the older the age, the less 
the positive effect of Health Device 
Complexity Perception on Health 
Device Effectiveness Perception, 
although this moderating effect is not 
particularly impactful and approaches 

ed threshold of .70, confirming the 
reliability of the measurement scales 
(Nunnally, 1994).
The estimation of the model confirms 
the hypotheses and provides insights 
into the relationships among the con-
structs. As predicted in H1, the per-
ception of health device complexity 
(Health Device Complexity Percep-
tion) has a significant direct effect on 
the perception of health device effec-
tiveness (Health Treatment Effective-
ness Perception). Specifically, higher 
complexity perception is associated 
with greater perceived effectiveness of 
the device (B = .378, SE = .068; t = 
5.522, p < .001; R2 = .374). Moreover, 
the findings indicate that Education 
has a significant impact on how 
patients perceive the effectiveness of 
health devices relative to their com-
plexity. Specifically, the results show a 
positive and significant effect (B = 
.174, SE = .086; t = 2.021, p = .045), 
suggesting that individuals with high-
er levels of education are inclined to 
view complex health devices as more 
effective. 
Contrary to what might be intuitively 
expected, Health Device Complexity 
Perception does not have a direct 
influence on WOM, as the statistical 
test does not indicate significance (p > 
.05). Further supporting the theoreti-

Table 2  –  Direct effect of Health Device Complexity Perception (HDCP) on Health Device 
Effectiveness Perception (HDEP) considering Gender and Education as covariates

Pathway B SE t p LLCI ULCI

HDCP – HDEP .378 .068 5.522 .000 .243 .513

Gender .048 .070 .695 .488 –.089 .186

Education .174 .086 2.021 .045 .004 .343
HDCP = Health Device Complexity Perception; HDEP = Health Device Effectiveness Perception; WOM 
= Word-of-Mouth; R2 = .374.
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habits, social network size, and famil-
iarity with digital sharing practices, 
which tend to decline with age.

4. Discussion

The aim of this research is to investi-
gate the mechanisms that lead the 
users of wearable health devices to 
engage into WOM. Based on market-
ing literature, an analysis was con-
ducted on the set of attributes of 
devices in terms of perceived com-
plexity, evaluating how this may 
influence both perceived effective-
ness and intention to speak favorably 
about them. The results of a sur-
vey-based study confirms that per-

significance (B = – .011, SE = .002, t = 
– 1.992, p = .048). 
Conversely, higher Age strengthens 
the relationship between Health 
Device Effectiveness Perception and 
WOM (B = – .220, SE = .057, t = 
3.855, p < .001). This finding suggests 
that as individuals increase in age, 
their intention to engage in word-of-
mouth communication is more 
strongly influenced by their percep-
tion of the device’s effectiveness. 
However, despite this stronger link, 
older adults tend to engage in WOM 
less frequently than younger individu-
als. This may be explained by age-re-
lated differences in communication 

Table 3  –   Direct effect of Health Device Effectiveness Perception (HDEP) and Health 
Device Complexity Perception (HDCP) on Word-of-Mouth (WOM) considering Gender and 
Education as covariates

Pathway B SE t p LLCI ULCI

HDEP – WOM .693 .076 9.140 .000 .543 .842

HDCP – WOM .080 .081 .998 .319 –.079 .241

Gender –.114 .077 –1.479 .141 –.267 .038

Education –.052 .096 –.540 .590 –.242 .138
HDCP = Health Device Complexity Perception; HDEP = Health Device Effectiveness Perception; WOM 
= Word-of-Mouth; R2 = .582.

Table 4  –  Indirect effect of Health Device Complexity Perception (HDCP) on Word-of-
Mouth (WOM) through Health Device Effectiveness Perception (HDEP)

Pathway B Boot SE Boot LLCI BOOT ULCI p

HDCP – HDEP – WOM .262 .050 .168 .365 < .05
HDCP = Health Device Complexity Perception; HDEP = Health Device Effectiveness Perception; WOM 
= Word-of-Mouth.

Table 5  –  Moderation effects of Age on the relationship between Health Device Complex-
ity Perception (HDCP) and Health Device Effectiveness Perception (HDEP) and Health Device 
Effectiveness Perception (HDEP) on Word-of-Mouth (WOM)

Interaction 
terms

Dependent 
Variable

B SE t p LLCI ULCI

HDCP × Age HDEP –.011 .002 –1.992 .048 –.019 –.004

HDEP × Age WOM .220 .057 3.855 .000 .098 .343
HDCP = Health Device Complexity Perception; HDEP = Health Device Effectiveness Perception; WOM 
= Word-of-Mouth.
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Users who perceive themselves as 
part of a community – through apps, 
forums, or both online and offline 
discussion spaces – develop a sense 
of belonging and empowerment. 
This reduces the likelihood of device 
abandonment and encourages hori-
zontal, peer-to-peer dissemination of 
the technology (Lupton, 2021; 
Veinot et  al., 2018). From this per-
spective, word-of-mouth acts both as 
an indicator of inclusion (when users 
feel motivated to communicate) and 
as a vehicle of inclusion (when indi-
viduals exposed to positive reviews 
are more inclined to adopt the tech-
nology with greater trust).
Furthermore, the results indicate that 
the level of education has a significant 
impact on how patients perceive the 
effectiveness of healthcare devices in 
relation to their complexity. Specifi-
cally, individuals with a higher level of 
education tend to interpret complex 
devices as more effective. This sug-
gests that education does not merely 
act as a socio-demographic control 
variable but rather represents an active 
cognitive factor in shaping percep-
tions of technological complexity. 
This result is in line with the literature 
that identifies education as a facilita-
tor in decoding technological affor-
dances (Adjei et  al., 2010; Rogers, 
2003), namely, the ability to recognize 
and interpret the functional potential 
embedded in complex artifacts. Good-
year et  al. (2019) demonstrates that 
education contributes to the develop-
ment of digital health literacy, under-
stood as the ability to understand, 
evaluate, and effectively use health 
information mediated by digital tech-
nologies. This implication is further 
supported by the findings of Li et  al. 
(2016), who show that the perception 

ceived complexity interpreted as a 
signal of innovation and reliability, 
led users to strengthen their belief in 
the clinical value of the device. More-
over, the more a device is considered 
effective in improving one’s condi-
tion, the more the propensity to share 
the positive experience and recom-
mend it to others increases.
When patients perceive a health wear-
able device as effective – not only in 
providing accurate data but also in 
enhancing daily life quality, autono-
my, and subjective well-being – they 
tend to develop an emotional bond 
with the device. This connection often 
leads to a form of “narration,” that is, 
the desire to share their positive expe-
rience with others. Such a storytelling 
process marks the transition from an 
individual use of the device to a social-
ly shared dimension of innovation 
(Aljawawdeh et al., 2024b; Uzir et al., 
2023b). This is also consistent with 
the findings of Jeeyun Oh & Hyunjin 
Kang (2021), where the final stage of 
engagement with wearable devices is 
defined as “digital outreach”, involving 
active sharing by users of their daily 
experiences with the device through 
social media or other digital platforms.
Moreover, the findings suggest that 
perceived technological complexity 
– typically regarded as a barrier – 
may actually be reinterpreted as a 
positive attribute when it signals reli-
ability and innovation. This reinter-
pretation plays a critical role in fos-
tering digital engagement, defined as 
a continuous, active, and aware rela-
tionship between users and technolo-
gy (Graffigna et  al., 2020). In this 
context, digital engagement emerges 
as the key driver linking health wear-
able devices and positive WOM to 
the relational and social dimensions. 
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generational differences in terms of 
digital literacy, self-efficacy and open-
ness to innovation (Huedo-Martínez 
et  al., 2018; Šabić et  al., 2022; Stad-
don, 2020), this study shows that age 
not only affects adoption patterns, but 
also moderates the way complexity is 
interpreted in terms of perceived effi-
cacy and, consequently, propensity for 
positive WOM.

5.  Implications, limitation, 
and future research

The results of this research provide 
implications at both theoretical and 
managerial levels. From a theoretical 
perspective, the study highlights how 
the different attributes of the device 
should not be considered separately, 
but rather as components of a single 
overall perception, attributable to the 
concept of complexity. From this per-
spective, the research proposes a rein-
terpretation of perceived complexity, 
not as an objective obstacle to adop-
tion, but as a cognitive and subjective 
synthesis that encompasses the user’s 
global experience with the device. In 
line with the literature, perceived 
complexity takes on the role of a meta-
construct capable of reflecting func-
tional, symbolic, emotional and cog-
nitive dimensions (Abouzeid, 2024; 
El-Gayar & Elnoshokaty, 2023). 
Complexity, if interpreted as “coher-
ent” and “purpose-oriented”, can 
become a facilitator of perceived effec-
tiveness, strengthening user engage-
ment and generating virtuous dynam-
ics of social recommendation 
(e-WOM). This perspective is consis-
tent with the results of the most recent 
studies on the adoption of wearable 
devices (Yang et al., 2024), where per-
ceived effectiveness is configured as a 
central element in determining not 

of informational benefits and func-
tional congruence in wearable devices 
is higher among users with greater 
technological competence – an attri-
bute often correlated with higher edu-
cational levels. In this sense, a more 
advanced educational background not 
only strengthens the ability to interact 
with wearable health devices but also 
enables individuals to reframe com-
plexity as a signal of perceived treat-
ment effectiveness, rather than as a 
barrier to adoption.
Furthermore, the results highlight that 
age plays a significant moderating role 
in shaping how users interpret techno-
logical complexity and translate per-
ceived effectiveness into communica-
tion behaviors. Specifically, the data 
show that younger users tend to asso-
ciate device complexity with greater 
effectiveness, interpreting it as a signal 
of innovation and advanced features. 
In contrast, older users perceive com-
plexity more critically and more read-
ily associate it with difficulty of use, 
negatively impacting their perception 
of effectiveness.
However, the second moderated rela-
tionship reveals an opposite dynamic, 
when older users perceive a device as 
effective, they show a significantly 
greater propensity to share this experi-
ence through positive WOM. For 
these individuals, effectiveness often 
represents a relevant finding com-
pared to expectations, capable of stim-
ulating communication. In contrast, 
younger users, generally accustomed 
to high technological standards, tend 
to take effectiveness for granted and 
are less inclined to discuss it or recom-
mend the device.
These findings offer a more nuanced 
interpretation than previous literature. 
While many studies have focused on 
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other types of health wearable devices 
that, while sharing some functional 
characteristics, could be perceived dif-
ferently by users. Third, by design the 
study included only adults with T1D 
who were current users of AID and fell 
within the 16-74 years inclusion range, 
all recruited from a single Italian hos-
pital. This approach was adopted to 
avoid structural heterogeneity com-
pared to T2D, for which care path-
ways and self-management routines 
differ significantly (Sempere-Bigorra 
et al., 2021). Consequently, generaliz-
ability is limited to T1D adults aged 
16-74 in hospital settings. Finally, 
although the literature cited under-
lines the importance of psychological, 
relational and contextual factors in 
shaping the user experience, these ele-
ments were not directly included in 
the analytical model, reducing the 
possibility of fully capturing the com-
plexity of the dynamics that influence 
the diffusion and recommendation of 
digital health technologies.
In light of these considerations, future 
studies could integrate these dimen-
sions and deepen the relationship 
between age and attitudes towards the 
use of wearable health devices, favoring 
their diffusion through a positive 
WOM. Additionally, future research 
should expand the sample to include 
cohorts aged 75 years and older as well 
as patients with T2D, thereby enabling 
a systematic comparison with T1D and 
testing the generalizability of the find-
ings across settings. Moreover, despite 
recent scientific and technological 
advancements, significant challenges 
persist in the clinical management of 
diabetes, including the need for 
improved glycemic control, reduced 
complications, increased treatment 
adherence, and more equitable access 

only the initial adoption, but also loy-
alty over time. At the same time, 
human-factors evidence shows that 
reducing unnecessary complexity 
improves usability and is likely to sup-
port adherence (Gross et  al., 2023; 
Senders, 2006).
From a managerial perspective, since 
perceived complexity, if well decoded, 
translates into perception of effective-
ness, implications become particularly 
relevant. They concern first of all the 
role of designers, called to adopt a 
co-design logic, in which the end user 
is involved in the design of the device 
in order to guarantee not only the 
technical functionality, but also the 
perceived coherence between clinical 
objective and daily use (Abouzeid, 
2024; El-Gayar & Elnoshokaty, 2023). 
In parallel, communication and mar-
keting strategies should abandon 
merely descriptive strategies to adopt 
a narrative centered on personal 
impact, empowerment and everyday 
life, facilitating spontaneous storytell-
ing dynamics, generating trust and 
emotional involvement (Abouzeid, 
2024). Finally, institutional campaigns 
must promote personalized adoption 
paths and health and digital literacy 
programs, with the aim of reducing 
inequalities and making technologies 
truly accessible even to the most vul-
nerable segments of the population 
(El-Gayar & Elnoshokaty, 2023; Yang 
et al., 2024).
However, the study has some limita-
tions. First, the use of convenience 
sampling, limited to a single Italian 
hospital, may have introduced selec-
tion bias and limits the generalizabili-
ty of the results to other populations 
or healthcare settings. Second, the 
survey focused exclusively on users of 
AID, without extending the analysis to 
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of health wearable devices in tackling 
this trend. This approach may support 
the development of effective policy 
strategies (sharing) and guide the 
design of tailored interventions (act-
ing) capable of resolving the tension 
between perceived complexity and 
clinical effectiveness, as evidenced in 
the case of AID systems. By adopting 
this broader perspective, researchers 
and policymakers can contribute to 
advancing digital health solutions that 
are not only innovative, but also inclu-
sive, sustainable, and truly impactful 
in improving chronic disease manage-
ment.

to care. Innovative health technologies 
– such as AID systems – play a crucial 
role in addressing these challenges by 
fostering patient empowerment and 
optimizing care processes. However, a 
key challenge remains, i.e., understand-
ing the role of such technologies not 
only in terms of their potential, but also 
in terms of their sustainable and equita-
ble adoption.
Future research should therefore 
investigate the socio-economic, envi-
ronmental, and technological factors 
driving the increasing prevalence of 
diabetes (mapping), with the aim of 
identifying the specific contribution 
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