
IIAI Open Conference Publication Series 

IIAI Letters on Business and Decision Science 

Vol. 004, LBDS313 

DOI: https://doi.org/10.52731/lbds.v004.313 

Influence Sources of Wearable Healthcare Devices Adop-

tion and Diffusion 

Yinghsuan Chao *,  LiChieh Kuo *,  Hersen Doong † 

Abstract 

The rising need for efficient health monitoring systems presents a significant challenge, empha-

sizing the importance of enhancing personal health management and reducing healthcare system 

burdens. To address this and achieve health optimization and preventive care goals, governments 

and healthcare providers have actively promoted the development of Wearable Healthcare De-

vices (WHDs), a cornerstone for implementing advanced health monitoring technologies. These 

devices are celebrated for their potential to improve health outcomes, personalize healthcare, and 

reduce healthcare costs. However, the anticipated success of these technological advancements 

has not been fully realized, evidenced by their limited adoption and diffusion among the general 

population. 

In response to this issue, our research utilizes the Innovation Diffusion Theory to explore the 

influential internal and external factors related to the communication strategies of wearable 

healthcare devices, including the roles of mass media and word-of-mouth interpersonal commu-

nication. Employing a case study approach focused on WHD adoption, this study applies an an-

alytical framework comprising the internal influence and external influence. This framework is 

utilized to elucidate the determinants of WHD adoption and diffusion across various stages. The 

findings of this research aim to provide the government, healthcare providers, and relevant stake-

holders with critical insights for crafting more effective promotional strategies for wearable 

healthcare devices, thereby ensuring a more efficient, personalized, and sustainable healthcare 

service delivery. 
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1 Introduction 

The rapid pace of economic growth and technological innovation, along with an increase in living 

standards, has fueled an unprecedented demand for health monitoring and management solu-

tions[1]. This demand is particularly pronounced in the context of an aging population and the 

global rise in chronic diseases, which are further exacerbated by lifestyle changes and environ-

mental factors. These trends underscore the necessity for scalable, proactive health management 

systems, highlighting the potential shortfall in healthcare service delivery capacity and the need 

to transition towards more sustainable, preventative healthcare models. In response to these chal-
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lenges and in alignment with objectives to enhance healthcare efficiency, improve patient out-

comes, and reduce healthcare costs, there has been a concerted effort to promote the adoption of 

Wearable Healthcare Devices (WHDs). 

The introduction of WHDs represents a paradigm shift from traditional reactive healthcare prac-

tices to a more data-driven, personalized approach to health and wellness management[2]. These 

devices play a crucial role in enabling continuous health monitoring, facilitating early detection 

of potential health issues, and supporting chronic disease management. Through advanced sen-

sors and data analytics, WHDs provide valuable insights into an individual's health status, ena-

bling timely interventions and personalized health recommendations[3]. Moreover, they contrib-

ute to the optimization of healthcare resources by reducing unnecessary hospital visits and ena-

bling remote patient monitoring, thus alleviating pressure on healthcare systems. 

Despite the clear advantages offered by WHDs and the strong push for their adoption, the wide-

spread integration of these technologies into everyday health management has been slower than 

anticipated. This tepid adoption rate underscores a significant gap between the vision for a tech-

nologically enhanced healthcare future and the current user engagement levels with wearable 

health technologies[4]. This study aims to explore the adoption and diffusion dynamics of WHDs, 

with a focus on identifying the factors that influence user acceptance and integration into daily 

life. By employing the lens of the new product diffusion model, our research will examine the 

effectiveness of various communication channels in shaping potential users' perceptions and 

adoption behaviors regarding WHDs. The impact of both external (e.g., healthcare provider rec-

ommendations, media coverage) and internal (e.g., personal experiences, word-of-mouth) influ-

ences on the adoption process are examined. The findings of this study are intended to guide 

healthcare providers, policymakers, and technology developers in enhancing the adoption of 

WHD technologies, thereby contributing to the advancement of global healthcare objectives. 

2 Literature Review 

2.1   Innovation Diffusion Theory 

Wearable Healthcare Devices (WHDs) exemplify a type of innovation that introduces new capa-

bilities and approaches to health monitoring and management, thereby making the application of 

innovation diffusion theory particularly apt for examining their adoption and diffusion. Innova-

tion, as defined by Rogers (1995), is an idea, practice, or object perceived as novel by an individ-

ual or organization[5]. It embodies both a process and an outcome, potentially leading to internal 

adaptations or external transformations in the way healthcare is approached and managed. Within 

this framework, WHDs can be viewed as a technological innovation that combines hardware (the 

physical device) and software (the application or program) components to enhance health out-

comes and healthcare delivery. 

By leveraging the insights provided by innovation diffusion theory, stakeholders in the health and 

technology sectors can develop strategies to accelerate the adoption of WHDs. These strategies 

might include targeted communication efforts, demonstration projects, and incentives for early 

adopters, all aimed at overcoming barriers to adoption and facilitating the diffusion of WHDs. 

Understanding the dynamics of innovation diffusion enables policymakers, healthcare providers, 

and technology developers to tailor their approaches to support the effective integration of WHDs 

into daily health management practices, thereby enhancing the overall health and wellbeing of 
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the population. 

2.2   Diffusion Models 

The scholarly foundation of innovation diffusion research is attributed to seminal contributions 

by scholars such as Four and Woodlock (1960) and Rogers (1976) [6][ 7]. Their pioneering work 

explored various aspects of innovation diffusion, encompassing product innovation, the dynam-

ics of new idea proliferation within durable goods markets, and the overarching frameworks of 

innovation dissemination[8]. These foundational insights underscore the complex interplay of 

factors influencing the diffusion of novel product innovations. Within this context, the adoption 

of quantitative models has emerged as a critical methodological advancement. Prominently, the 

innovation diffusion model developed by Bass (1969) is renowned for its profound impact and 

broad acknowledgment within both scholarly and practical domains of innovation studies[9]. 

This analysis seeks to illuminate the core principles underlying innovation diffusion as delineated 

in the seminal models proposed by Rogers (1976) and Bass (1969)[7][ 9]. 

Expanding on the early concepts introduced by Four and Woodlock (1960) and Mansfield (1961), 

Bass’ Model of New Product Diffusion offers a refined perspective on how information concern-

ing new products propagates among potential consumers [6][ 9][ 10]. While Four and Woodlock 

emphasized the critical role of mass media in reaching potential new product users, Mansfield 

spotlighted the substantial influence exerted by word-of-mouth and the informal networks estab-

lished by early adopters. Bass adeptly integrates these insights, positing that the potential sales 

volume for a new product is influenced by a synergy of mass media exposure (external influence) 

and word-of-mouth communications (internal influence), thereby distinguishing potential 

adopters into two categories: “innovators,” driven by external communications, and “imitators,” 

influenced by internal, word-of-mouth communications from prior adopters[11]. 

The Bass model centralizes the hazard function, which evaluates the probability of adopting a 

new product at a given time 't', provided it hasn’t been adopted prior to 't'[12]. This probabilistic 

framework facilitates a dynamic exploration of new product market penetration, elucidating fac-

tors that either expedite or impede the diffusion process. The predictive efficacy of the Bass 

model, along with its subsequent variants, is extensively utilized to project product diffusion 

pathways, especially within sectors such as retail, industrial technology, education, pharmaceuti-

cals, and durable goods. It adeptly captures and elucidates the diffusion trajectories of innovative 

products, successfully achieving the predictive objective[13].  

 

3 Data Analysis and Result 

Figure 1 shows the trend in the number of WHD adopters. Parameter estimation was performed 

using time-series data through methods including the least squares method [9] and the maximum 

likelihood estimation method [14]. The time series data of WHDs was statistically analyzed using 

the Python programming language. The estimated total population or target market size was uti-

lized as a proxy for the potential number of adopters, denoted as "m." The number of devices 

adopted in the initial period, labeled "n," was used to approximate the initial number of adopters. 

Subsequently, the nonlinear least squares regression method was employed to estimate the diffu-

sion model parameters for WHDs, including total potential adopters, external and internal influ-

ences, and the innovation (p) and imitation (q) coefficients. The results of the nonlinear regression 
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model were visualized using Python, calculating both the R-squared values for the model. 

Figure 1: Trend in the Number of WHD Adopters 

Statistical analysis confirms that R2=0.995 for the Bass model, indicating a robust fit to the data. 

The innovation coefficient plays a crucial role in the early stages of the adoption and diffusion of 

WHDs (coefficient of innovation p=0.03), while the imitation coefficient becomes more signifi-

cant in the later stages (coefficient of imitation q=0.185). In other words, the diffusion process 

for WHDs initially is influenced by media advertising from suppliers, but as it progresses, word-

of-mouth, peer influence, and mutual imitation among individuals become key factors. 

Overall, empirical findings suggest the Bass model is effective in describing the adoption and 

diffusion of WHDs. The influence model proves suitable for exploring the diffusion patterns of 

WHDs. The Bass model provides accurate representations, indicating that external influences, 

such as media advertising, are pivotal in the initial diffusion of WHDs. Industry stakeholders, 

including manufacturers of WHDs and service providers, should therefore consider the signifi-

cance of mass media advertising primarily at the initial stage of product launch. 

However, after the initial phase, imitation becomes the key influencing factor. This suggests that 

marketers of WHDs must develop effective marketing strategies to strengthen peer influence and 

foster a spirit of mutual imitation among potential users, thereby facilitating smoother adoption 

and diffusion of WHDs to reach a critical mass. 

 

4 Conclusion 

From the detailed analysis of the adoption and diffusion timelines of various wearable healthcare 

devices (WHDs), it is evident that the early stages of implementation are heavily influenced by 

external factors, particularly through mass media, which plays a crucial role in raising awareness 

about these technological innovations. However, as the adoption process matures, transitioning 

into the middle and later stages, the dynamics shift significantly towards an internal influence 

model dominated by word-of-mouth among WHD users. This shift underscores the importance 
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of understanding and leveraging different influence factors appropriately across various phases 

to refine policy and marketing strategies, thus enhancing the promotion of WHDs effectively. 

The dual influence of internal and external factors on the decision-making process to adopt 

WHDs suggests that a mixed influence model provides a comprehensive framework for under-

standing the adoption and diffusion dynamics of these devices. Notably, the internal influence 

model demonstrates a consistently superior performance throughout the adoption stages. This 

success is largely due to the widespread dissemination of information and user experiences 

through digital platforms such as websites, blogs, and social media, all facilitated by the rapid 

proliferation of the internet. 

Given the scenarios where external influences like mass media are more dominant, strategic rec-

ommendations for governments and relevant organizations are necessary. During these phases, 

promotional efforts should focus more heavily on mass media channels—such as television, ra-

dio, newspapers, and digital platforms—to capture a wider audience of potential WHD users. 

Conversely, when word-of-mouth proves to be more influential, it becomes essential to enhance 

user experience and interfaces for WHDs. Satisfied users are more likely to recommend these 

devices to others, and structured referral programs could incentivize this behavior, offering re-

wards such as discounts or other benefits for successful referrals. 

Adapting the promotional mix between internal and external strategies according to the adoption 

stage can significantly advance the development of WHD infrastructure. Empirical results and 

model testing across various countries reveal distinct patterns of influence, highlighting scenarios 

where external influences may predominate, suggesting a greater impact of mass media over 

word-of-mouth. However, the enduring significance of internal influence implies that, alongside 

traditional media efforts, leveraging social media for organic, word-of-mouth promotion could 

amplify these strategies' effectiveness. 

In cases where internal effects surpass external ones, as indicated by certain models, the focus 

should be on maximizing word-of-mouth through enhanced user satisfaction and community en-

gagement. This approach is essential even if other models do not show a significant preference, 

possibly due to challenges in data accuracy and model fit stemming from limited or estimated 

data sources. Overcoming these obstacles requires continuous and precise data collection and 

exploring alternative models that might better capture the nuances of WHD adoption and diffu-

sion. Such an approach will enable the development of more tailored and effective strategies to 

enhance the adoption of WHDs, ultimately aligning with broader healthcare improvement goals. 
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