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Transitional care may play a vital role in the sustainability of Europe’s future healthcare system, 
offering solutions for relocating patient care from hospital to home, therefore addressing the 
growing demand for medical care as the population is ageing. Re-hospitalization for the same initial 
pathological cause is a recurrent problem among older adults with chronic conditions such as heart 
failure or chronic obstructive pulmonary disease. However, to be effective, it is nowadays essential to 
integrate into the transitional care process innovative Information and Communications Technology 
technologies to ensure that patients with comorbidities experience a smooth and coordinated 
transition from hospitals or care centers to home, thereby reducing the risk of rehospitalization. In 
this paper, we present an overview of the integration of Internet of Things, artificial intelligence, and 
digital assistance technologies with traditional care pathways to address the challenges and needs 
of healthcare systems in Europe. We identify the current gaps in transitional care and define the 
technology mapping to enhance the care pathways, aiming to improve patient outcomes, safety, 
and quality of life, avoiding hospital readmissions. Finally, we define the trial setup and evaluation 
methodology needed to provide clinical evidence that supports the positive impact of technology 
integration on patient care and discuss the potential effects on the healthcare system.
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As people get older, they may face a variety of health challenges and multimorbidity patterns that require 
hospitalization. While it’s natural for seniors to want to return home as soon as possible, adjusting to life and 
following the prescribed treatment plan after hospitalization can be difficult. This makes the risk of readmission 
during their convalescence periods after discharge high. For example, in the case of heart failure, 25% of the 
patients require readmission within one month of hospital discharge, and 40% within 3 months after discharge1. 
Similarly, the 30-day rehospitalization rate is approximately 25% for patients with dementia, and around 17% 
for patients with diabetes2. The causes of this phenomenon are multifaceted, involving factors related to both 
patients and the healthcare system. The older adults’ chronic condition is an important factor that contributes 
to their fragility, compounded by additional risk factors such as difficulty performing everyday tasks, social 
isolation and lack of support, cognitive issues when they become ill, and emotional anxiety. When patients 
receive care from various health care providers, in the municipalities, at care facilities, or in their homes without 
a unified care plan, a fragmented approach to transitional care is likely to occur. This fails to support patients in 
stabilizing and avoiding acute deterioration from chronic diseases, resulting in economic consequences due to 
high rates of preventable hospitalizations and emergency/ambulatory department visits.

Technology-assisted transitional care models can help healthcare providers to better monitor patients’ 
conditions, provide timely follow-up care, and communicate more effectively with patients3. These models can 
help reduce the likelihood that a chronically ill older adult will need to be readmitted to the hospital, ultimately 
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improving their health outcomes and reducing healthcare costs. By using Internet of Things (IoT) sensors, 
Artificial Intelligence (AI), and Machine Learning (ML), it is possible to assess elderly patients before their 
discharge, stratifying the risks for hospital readmission4. The data analytics take advantage of infrastructures for 
remote monitoring of daily life activities, vital signs, and medication intake to identify potential situations that 
may lead to rehospitalization. At the same time, digital assistants can provide personalized recommendations 
post-discharge. However, to fully maximize technology potential, the redesign of the care pathways to integrate 
such technologies, establish data sharing requirements, and provide clinical evidence demonstrating the impact 
on reducing the risk of readmissions needs to be tackled.

In transitional care, the adoption of digital solutions is rather limited5,6. The Information and Communications 
Technology (ICT)-based solutions are fragmented and address only specific cases of the transitional process and 
lack coordination activities to bridge the transition from hospital to home7. Studies have shown that readmission 
can be prevented8 and that for every four patients enrolled with ICT coaching and communication tools, one 
hospitalization is avoided while significant cost savings are obtained. Nevertheless, to achieve better outcomes 
and reduce healthcare utilization, there is a strong need for improved communication, data sharing, and trust 
among healthcare providers and patients9. Lack of holistic, multi-criteria assessment (health, social, economic, 
etc.) at discharge, poor communication with patients, inadequate planning, and community support can result 
in adverse outcomes, including unnecessary hospital readmissions10. The patient follow-up after discharge 
often requires frequent home visits during convalescence, which can be costly and time-consuming for health 
professionals11. The recent development of IoT sensors and wearable devices has the potential of improving 
this, by enabling the remote monitoring of patients’ health status in their homes12. Sensors can be used to track 
adherence to medication plan, daily activities, or lifestyle changes, while communication platforms may facilitate 
proactive intervention and patient education at home13. However, significant challenges related to the adoption 
of transitional care should be addressed, such as the integration and re-configuration of patient care pathways 
and workflows, lack of field support, or inadequate healthcare providers’ training14. Finally, it is increasingly 
recognized that the importance of community-based services in supporting patients’ recovery and preventing 
readmissions15. But open issues around reimbursement practices, roles, and reasonability sharing, inter-provider 
communication, should be addressed.

In this context, we can identify several important challenges and necessities for transitional care. Effective 
communication, information sharing, and patient remote follow-up are the backbone for enacting transitional care 
processes. In this sense, as presented above, IoT, AI, and digital assistance can lay the groundwork for objective 
monitoring of patient’s healthcare data in their homes and effective distribution and sharing for all healthcare 
stakeholders (emergency departments doctors, formal and informal care givers, patients themselves), assuring 
the continuity of care. There is a strong need to improve the care coordination by redesigning the care pathways to 
integrate modern ICT techniques. This can be achieved by defining clear roles and responsibilities in effectively 
using the technology and the new digital channels to avoid fragmentation and a lack of care coordination. 
Financial sustainability of transitional care programs and associated reimbursement mechanisms is challenging the 
implementation of such programs. New payment models need to be considered examining issues such as who 
is responsible for paying for healthcare services (national or local government, insurance companies, patients, 
etc.), and how hospitals/care centres are incentivized to invest in avoiding readmissions, given that they currently 
receive funding based on the number of admissions. Moreover, limited availability and allocation of resources for 
the healthcare process in general and transitional care in particular. In Europe, healthcare systems face significant 
pressure due to limited resources, increase in cost of care, and significant burden of the growing burden of 
chronic diseases. To effectively manage the shortages in healthcare professionals and budgetary constraints, 
innovative tools and technologies are needed to enable effective remote follow-up of patients post discharge to 
reduce their rehospitalization rates.

In our view, advancing transitional care requires researching, developing, and validating innovative integrated 
solutions based on IoT, AI, and digital assistance. These solutions should enable the continuity of care for patients 
transitioning from hospital to home by assessing readmission risks before discharge, remotely monitoring daily 
activities, vital signs, or medication, and providing personalized post-discharge recommendations through 
digital assistants This paper addresses the above open challenges and necessities by proposing a methodology 
and augmented care pathway for developing, validating and evaluating a technology-assisted transitional care 
solution based on IoT monitoring, AI, and digital assistance while considering the specific contexts of different 
healthcare systems in Europe and chronic conditions such as heart failure or chronic obstructive pulmonary 
disease (COPD). The methodology will be designed and developed in the TransCare EU project16 that promotes 
the integration of modern technologies and successful practices into diverse healthcare systems in Europe 
(Italy, Norway and Romania), validating their effectiveness in different contexts and settings by running trials 
to provide solid clinical evidence that supports the adoption of transitional care solutions and their potential to 
reduce the need for hospital readmissions. The methodology seeks to improve transitional care: (1) effectiveness 
by providing the IoT infrastructure for remote monitoring of patient’s data and adherence to treatment, (2) 
efficiency by offering digital assistance based virtual communication and coordination for proactive and 
personalized intervention freeing up healthcare providers time (3), timely care due to AI-driven proactive 
detection of lack adherence post-discharge leading to better outcomes, and more efficient care pathways and (4) 
safety and equity of the process.

The main research questions addressed in our paper are:

•	 How can the transitional care process be personalized?
•	 What are the innovative hardware and software stacks of resources needed for remote monitoring?
•	 How can the patient assessment and follow-up care processes be supported by technology?
•	 Can the post-discharge medication plan be managed using ICT technologies?
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•	 How can family members be engaged through support and communication channels?
•	 Can such a closed loop information system assure the continuity of care and avoid/delay rehospitalization?

The remainder of this paper is structured as follows: The Methods Section presents the proposed methodology 
for transitional care innovation, while the Discussion Section analyses the potential impact in the healthcare 
domain and potential areas for future research.

Methods
The first step before designing innovative technologies for transitional care is to study how the care pathways 
need to be redesigned to allow the integration and usage of such technology in different hospitals and healthcare 
settings, providing the necessary knowledge for care relocation from hospital to home. The boundaries of the 
transitional care process need to be set up by identifying medical conditions or situations that can be safely 
managed at home with the assistance of the proposed technology. This can lead to defining guidelines for 
shaping the responsibilities of the healthcare providers in the process, the associated technology-supported 
communication channels, and coordination procedures for professionals involved in the patient’s care. 
Additionally, the value-based payment models in different countries need to be analysed to provide guidelines 
for shared payment responsibilities (national or local government, insurance companies, patients) and quality 
metrics focused on patient outcomes that can incentivize hospitals and healthcare providers to invest in avoiding 
readmissions through innovative technologies.

Research hypothesis
The proposed research process is focused on the following hypotheses:

H1  The adoption and usage of an IoT, AI, and digital assistance-based solution for transitional care can reduce 
the patients’ rehospitalization rate. The AI-driven models can analyse the patients’ daily activities and health data 
acquired using IoT devices, to identify patterns that precede hospital readmissions, and proactive interventions 
and self-treatment planning can be delivered to prevent avoidable readmissions and improve transitional care 
outcomes.

H2  The integration and usage in transitional care of digital assistance-based virtual communication and remote 
monitoring, and AI can improve the healthcare system efficiency by reducing the follow-up time for healthcare 
providers. Healthcare providers can prioritize their resources and focus on patients who require immediate at-
tention or intervention, receiving follow-up care more efficiently. Reduction of the stress burden on healthcare 
workers can be assessed with specific questionnaires such as the Zarit Burden Interview17.

H3  The patient remote monitoring, follow-up and digital assistance-based support can help them during their 
recovery process, address concerns promptly, asses their adherence to the treatment and make necessary ad-
justments to their care plans, thereby enhancing patient satisfaction and Quality of Life. Thus, we expect that 
the Quality of Life and overall satisfaction of patients assessed using validated tools such as the SF-3618 to be 
improved.

H4  The solution, through its holistic features, will reduce the cost of transitional care by identifying risks and 
preventing costly rehospitalizations, setting up early interventions that can prevent the progression of illnesses 
and reduce the need for expensive treatments, and ultimately lower healthcare costs. It can reduce the utilization 
of healthcare resources by eliminating redundant procedures, minimizing medication errors, and decreasing 
administrative burdens.

The hypothesis can be assessed in specific trial setups in different countries, using a before-and-after strategy, 
assessing the baseline value before the technology introduction and after usage in trials.

Enhancing the traditional care pathways
The traditional care pathway models are focused on committing dedicated healthcare resources to ensure the 
continuity of care19. The existing evidence-based transitional care model promotes nurse-led intervention 
targeting older adults at risk, while the patients’ and family caregivers’ engagement is rather limited. This is an 
inefficient and unsustainable approach leading to waste of resources and poor quality and effectiveness of care. 
At the same time, the transitional care process experiences many gaps in many places, so there is an evident need 
to systematize the effectiveness of these processes. Recent advancements in IoT and sensors could revolutionize 
this scenario by allowing for the remote and daily tracking of crucial transitional care elements, such as 
adherence to prescribed therapies and lifestyle modifications, thus facilitating more coordinated interventions. 
Additionally, this technology has the potential to enhance patient engagement and adherence, as well as improve 
timely communication among all involved parties. Given their busy schedules and numerous responsibilities, 
doctors and caregivers are no longer interested in general-purpose care management information; instead, they 
seek personalized, near real-time, targeted data about their patients and loved ones.

Also, there is a need for innovative services integrating solutions supporting the non-face-to-face post-
discharge follow-up of patients by doctors, such as advanced communication tools with patients and caregivers, 
remote assessment of patient adherence to treatment, and patient and/or family/caretaker support for self-
management and independent living. Figure 1 shows a view of an enhanced care pathway model that brings a 
perspective shift, proposing digital solutions and modern technologies integration in the care chain for seamless 
coordination of care to proactively detect problems, thus avoiding re-hospitalization.
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Transitional care is implemented differently in European countries, thus, this raises the complexity of 
applying general models at the European level.

Transitional care in Italy represents a significant challenge and opportunity for the national health care 
system. One emerging model is that of the "smart hospital," inspired by European examples, which is based on 
the idea of a hospital without walls, capable of reaching patients’ homes directly through ICT. The main mission 
is to integrate hospital services with territorial services, creating a continuum of care that supports patients 
even outside traditional healthcare facilities. In Italy, there is a strong demand for territorial health services, but 
the response to this demand is often insufficient due to fragmentation and a lack of resources at the municipal 
level. Although hospitals are mainly focused on acute care management, the transformation to a smart hospital 
is essential to evolve toward a territorial healthcare system. To adequately meet this demand, territorial services 
(such as local health authorities) need to be strengthened, and the specificity and expertise of staff caring for 
patients at home need to be improved. Currently, these facilities often lack specialized staff by disease type, 
which reduces the effectiveness of home care. Another crucial aspect is investment in technologies that enable 
the hospital to enter patients’ homes. The combination of social and health funds is essential to support this 
development. Social technologies, although less funded than health technologies, play an important role and 
must be integrated into the community care system. This includes the adoption of digital platforms and devices 
that, while not recognized as medical tools, contribute significantly to patient well-being. The issue of funding 
for these nonmedical devices, such as social robots or smartwatches, is indeed relevant. Although they do not 
fall into the categories of medical devices, they fall into the sphere of social welfare and require a review of 
funding dynamics. In addition, intensive work on verifying the effectiveness of these tools is needed to ensure 
their effectiveness in the health care context. In conclusion, the transition to a territorial care system in Italy 
requires significant strengthening of municipal services, effective integration of health and social technologies, 
and a revision of funding policies to include innovative tools that improve patients’ quality of life. Only through 
an integrated and targeted strategy will it be possible to adequately meet the growing demand for community 
health services and ensure continuous, quality care.

In Norway, when a patient is transferred between levels of care, several measures are put in place to ensure 
quality and continuity. The transfer can also involve several challenges. An emphasis is placed on interdisciplinary 
collaboration between hospital staff and municipal health services to ensure a comprehensive patient pathway. 
There is a need to strengthen holistic thinking and understanding of the challenges each level is faced with to 
improve collaboration. An example of recent interdisciplinary cooperation to improve prevention, treatment, 
and management of pressure sores is the case of municipality nurses who work closely with hospital nurses 
and doctors through video and digital assistance solutions to ensure a comprehensive approach to patient care. 
Patients may receive an individual plan or care plan that outlines their needs for services and follow-up after 
discharge. A care plan is an essential tool in healthcare that helps to identify and document a patient’s needs, 
establish goals for care, and plan interventions to meet those goals. The care plan is individually tailored to each 
patient and based on professional knowledge. A national scoring system (e.g., Individual-based Statistics for 
Nursing and Care Services—IPLOS) is used to determine the patient’s needs. Patient and caregiver education/
training is provided to prepare them for the transition from hospital to home. Training could be even more 
effective with the use of more digital solutions. A coordinator or a primary contact from the municipality is 

Fig. 1.  Care pathway enhancement.
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assigned to ensure that the patient receives the necessary services and follow-up after discharge. The use of 
electronic patient records contributes to the flow of information between different levels of care. There is room 
for improvement in the transfer of records. The municipality and hospitals are not on the same platform, and 
information to be sent is chosen by healthcare professionals; sometimes old information is sent, and sometimes 
things are omitted. This can, in turn, lead to misunderstandings and delays in care. The measures already in 
place help to reduce the risk of readmission, but a more comprehensive digital assistance solution package would 
ensure that more patients receive the follow-up they need in the transition from hospital to outpatient hospital 
services or municipal health and care services.

In Eastern Europe, in Romania, ensuring the continuity of patients’ follow-up is still a problem. Patients 
are discharged from the hospital with recommendations regarding medical treatment, lifestyle changes, and a 
management plan for follow-up, as well as an appointment for the first follow-up visit. They receive a discharge 
summary, which should be taken to their general practitioner, who is the only doctor who has the whole 
medical history of the patient. Based on the discharge summary, the general practitioner prescribes the medical 
treatment each month, and at set intervals, the patients are re-evaluated by a physician from an ambulatory 
department. The timing of follow-up visits depends on the recommendation made by the attending physician 
at discharge. Most of the time, it is difficult to respect the time intervals between follow-ups recommended at 
discharge due to the large number of patients or to the physical distance between home and hospital, which 
often makes the therapy adjustments impossible at an early stage of the disease. The highest risk of readmission 
is among the elderly, especially those who live far from hospitals. They are usually admitted as emergencies due 
to their clinical deterioration. Patients will also be supervised by the general practitioner, who can refer the 
patient to a specialist doctor sooner than originally planned in case an aggravation of the patient’s pathology or 
possible complications are identified. Since there is no freely accessible staff available in Romania to help with 
the reintegration process after discharge, this task is often undertaken by the patient’s family. Romania’s remote 
patient monitoring market is less developed than that of many Western European countries. However, the nation 
is undergoing a digital transformation in its healthcare sector, driven by government initiatives and a growing 
awareness of the benefits of digital health solutions. Despite challenges such as infrastructure issues and lower 
technology adoption rates among the population, the demand for advanced remote patient monitoring systems 
is increasing, giving hope that soon doctors will be able to identify predictive factors of clinical deterioration to 
ensure treatment adjustments and to reduce the risk of readmission or visits to the hospital.

Technology integration
The care pathway is augmented with IoT, AI, and digital assistance technologies with a view of improving patient 
outcomes and quality of care. The hospital-to-home transition requires the integration of IoT devices for remote 
monitoring of daily life activities, vital signs, and medication of patients and AI models for identifying problems 
leading to rehospitalization and personalizing the post-discharge follow-up and intervention using digital 
assistants20.

Post discharge, remote patient monitoring is needed to comprehensively and non-invasively track daily 
activities, including physical exercise, sleep patterns, movement habits, social interactions, and essential daily 
tasks like taking prescribed medications. This will help evaluate adherence to recommendations and medication 
plans. Figure 2 shows an example of such a Remote Patient Monitoring platform and its associated services21. 
The platform provides a solid and secure basis for medical and care services running in the cloud. It includes a 
state-of-the-art identity broker for authentication, which can be configured to forward authentication requests 
to any other standards-compliant identity broker. Together with fully encrypted data storage and role-based 
access control, it fulfils all security requirements for the very strict e-health domain. The system has an extensive 
dashboard for healthcare and other professionals, with views tailored to the many different roles and services.

The patient uses a mobile application that functions as a gateway for connecting sensor equipment and notifies 
the patient of their tasks. The app is built on the Multi-platform App UI (MAUI) cross-platform Microsoft’s 
.NET technology38, so that apps can run on both iOS and Android devices, targeting virtually all smartphones 
and tablets on the market. Off-the-shelf commercial wireless sensor devices are available to monitor the health, 
activity level, and other relevant parameters, but they provide data in heterogeneous formats. Activity tracking 
devices, such as modern fitness trackers and smartwatches, seem to be a good solution for collecting various vital 
parameters and activity information, but do not typically allow direct integration. Contextual information, such 
as family and informal caregivers’ perspectives and patient self-reporting, can be collected with questionnaires 
and integrated to augment the sensor-monitored data.. The collected data can be viewed in the dashboards and 
is made available to the AI predictive models through APIs. The dashboards for visualizing the data integrate 
web services exposed as Representational State Transfer (REST) Application Programming Interfaces (APIs) 
and GraphQL query language39. The data exchange between the sub-components of the system is based on Fast 
Healthcare Interoperability Resources (FHIR) objects and is implemented using GraphQL FHIR40.

AI predictive models are needed to process the patient-related data, to establish a patient health status 
baseline and identify events that indicate health changes, whether sudden or gradual, that may lead to re-
hospitalization. These changes may signal symptom progression, non-adherence to treatment, or a decline in 
well-being, potentially leading to re-hospitalization22. As an example, for the heart failure use case, we aim to 
detect sudden changes in heart rate and heart rate variability or daily activity levels that may indicate acute 
health events. Gradual trends, such as a decreasing daily mobility, irregular sleep or wake cycles, may show 
a slow deterioration requiring intervention. With the help of healthcare specialists, we will define threshold-
based cutoffs (e.g., resting HR > 100 bpm or HRV < 20 ms), as well as more complex patterns like high heart 
rate combined with low activity, to identify patients at risk. The foreseen predictive models will integrate Large 
Language Models (LLMs) for processing textual inputs with Convolutional Neural Networks (CNNs) for time-
series wearable data (i.e., heart rate, daily activities, effort, or sleep) to leverage the strengths in temporal and 
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spatial pattern recognition. CNN models allow for analyzing objective health-related data from wearable devices 
such as fitness trackers, smartwatches, and smart patches seem to be a good solution for fitting remote care 
scenarios23. In this context, the integration of LLMs and GenAI has the potential to augment the patient time 
series data towards multimodal sources and fuse it to improve the situational awareness on health status41. LLMs 
will be fine-tuned on textual descriptions like patient observation charts and self-reporting information to extract 
features that may improve the prediction results over wearable time series data. However, LLMs’ fine-tuning is 
time-consuming and computationally expensive, and potentially exposed to hallucinations. Therefore, we will 
include human experts in the loop to review the LLM extracted features (e.g., symptom presence, adherence, 
lifestyle changes).

The AI pipeline (see Fig. 3) deals with data pre-processing and cleaning, feature selection, cross-validation, 
model training/evaluation, and usage in care applications. The patient is identified using the Fast Healthcare 
Interoperability Resources (FHIR) Patient object, serving as the anchor for all related data stored in a NoSQL 
database of historical data. Two main types of data are managed linked by timestamp: structured data, including 
treatment plans, configurations, pre-existent conditions, and patient-reported outcomes, and observational data 
from wearables or sensors. To train the pipeline models, an adequate sample size is important to achieve sensitivity 
and specificity. As the 30-day rehospitalization rate is reported to be high, a substantial sample size is needed to 
ensure the model captures sufficient positive cases42. Therefore, the AI models will be pretrained using open-
access datasets that can include heart failure patients’ data, vitals, and re-hospitalization outcomes43,44. During 
model training, the quality is assessed using cross-validation and hold-out datasets. The precision in predicting 
the patients at risk is determined across multiple data splits to estimate generalization. For the new patient data, 
regular calculation of the metrics will be done to ensure consistency over time. Also, during the trials, an expert 
driven feedback loop is implemented to report unexpected predictions informing periodic model retraining 
using newly collected data. The computational requirements for model training vary depending on the type of 
models used and the amount of data. However, fine-tuned LLMs can be used being much more efficient than 
foundation models like Generative Pre-training Transformer (GPT) (i.e., RTX 3090 16–24  GB VRAM) and 
CNNs are efficient for efficient for time-series processing (i.e., mid-range GPU).

The valuable insights into the patient’s state can be made available to physicians by integrating the AI 
predictions into the monitoring platform dashboards, leaving the decision to the healthcare personnel but aiding 
them in the complex decision-making process.

The following platforms can be used for implementation: (1) MySQL and MongoDB45 for storing collected 
data fed as input to the models, together with Pandas46 for preprocessing the dataset, (2) REST based APIs for 
easy integration of platform components, (3) PyTorch and Optuna47 for CNN and LLM fine-tuning and model 
development and (4) Grafana48 for dashboards and notification based on AI predictive model outputs.

The coordination and follow-up should enable smooth communication among stakeholders involved in 
the transitional care process. A dedicated digital assistance communication platform is needed to show patient 
health status information and will enable self-reporting of potential problems and well-being24. The platform 
may provide personalized nutrition advice for the patient based on the patient’s diagnoses, training advice, and 
information about the disease. It will also enable interaction and communication of all types of interested actors 

Fig. 2.  Remote patient monitoring infrastructure.
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with the system, to offer support (reminders, step-by-step instructions, etc.), and to allow configuration and 
personalization of the care process (see Fig. 4).

The costs for implementing the envisioned platform are split in: (1) hardware costs driven by physical 
components such as IoT devices such as fitness trackers and medical devices, all of which are subject to 
manufacturing, shipping, and repair expenses and (2) software costs, related to hosting, continuous updates, 
licensing, and customization of the platform. For the first type of costs, a minimum of 100€ per patient one 
time for acquiring a fitness tracker that can be integrated into the platform (such as Fitbit49) is estimated, while 
additional costs can arise for including other specific medical sensors. The software costs are envisioned as a fee 
of around 50 euros per month per user. This price can cover the licensing cost for the communication platform 
components (around 20–30 € per month) and the licensing cost for the monitoring framework, including the 

Fig. 4.  Communication platform overview.

 

Fig. 3.  Pipeline for AI-based patient healthcare status prediction.
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AI service (around 20–30 € per month). These are estimated costs that are based on the existing services already 
commercialized by the developing partners.

The platform is designed with the understanding that AI predictive models, especially in sensitive domains 
like health monitoring, should not operate autonomously. The system is intended to act as an adjunct to, not a 
replacement for, clinical judgement. The model is conceived as part of a broader monitoring system in which the 
final interpretation remains under the responsibility of the clinical staff or caregivers. In particular, the risk of 
false negatives is addressed at the study design level by embedding the model in a scenario where clinicians or 
caregivers remain the final decision-makers. Moreover, this initial phase emphasizes feasibility and clinical data 
interpretability, deferring any diagnostic or interventional decision-making to future studies where stronger alert 
validation mechanisms will be explored. We aim to ensure that the model enhances, rather than undermines, 
clinical trust and safety. In future iterations, strategies such as alert confirmation by a human or safety buffers 
will be considered to handle both false negatives and positives, always within a human-in-the-loop framework.

Design of validation trials
The trial protocol for validating the envisioned enhanced care pathways needs to integrate primary, secondary, 
and tertiary users to cover the entire transitional care process. Additionally, these end-users can be also involved 
in the activities related to analysis of the transitional care process to identify the challenges facing health and 
care systems by involving different user profiles, the analysis of typical tasks or goals of patients, formal and 
informal carers as well as health professionals, and the deduction of principles and challenges for adopting the 
new proposed technologies. A close cooperation among healthcare stakeholders and technology providers will 
enable the adaptation of the transitional care technology, solving major usability and acceptability problems, and 
addressing specific national healthcare settings contexts of specific pilots.

The trial’s main objective is to assess the potential of the technology to reduce the rate of rehospitalization 
within 30  days, relieving the pressure on health and care facilities, aiming to establish a clinically validated 
value proposition for the technology. The technology will be deployed and tested in real conditions of use, for a 
long-term to conduct a detailed impact assessment analysis aimed to understand patient and healthcare systems 
outcomes in terms of acceptability, quality of life, health improvement, and cost reduction. During the field 
trials, support will be offered for installing the system and for training users to set up and use the transitional 
care services and monitoring infrastructure. A help desk needs to be available in each testing country, and 
intervention needs to be guaranteed each time needed, ensuring a high motivation of patients, which strongly 
influences the quality and the number of datasets. Patients will be monitored through interviews on a fixed time 
basis. A technical review of the system design and functions to answer meaningful problems and difficulties in use 
that have arisen during the first months of the trial will be carried out. Finally, the field trial will be accompanied 
by a questionnaire, which will be used to generate the dataset for the Cost–Benefit Analysis (CBA)25. CBA will 
focus on transitional care assistance after the introduction of the technology and compare this process across the 
welfare systems operating in the pilot countries. CBA will elaborate such an institutional analysis by contrasting 
alternative models of welfare provision. In these settings, it will examine whether technological change in the 
form of new devices can lead to savings for the welfare system at large as well as for individuals. A first concern 
will be the direct assessment of the level of satisfaction gained by using the developed technology, and whether 
this matches initial expectations. Subsequently, specific improvements in the quality of life and overall health 
due to the system, as well as information on hospital readmission after 30 days, will be of interest.

To understand the effectiveness of the proposed enhanced care pathway in counteracting readmission at the 
hospital after 30 days, a high number of patients need to be enrolled over at least a 3-month trial. The participants 
will be stratified based on potential predictors of 30-day readmission risk through the Comprehensive Geriatric 
Assessment (CGA)26 before their discharge from the hospital. The study split participants into intervention and 
control groups. According to the study of Richie et al.27, 30-day rehospitalization rates between the intervention 
and control groups were 17.7% versus 8.7% for COPD and 22% versus 12% for heart failure. Assuming these 
effect sizes, 80% statistical power, alpha error of 0.05, and using two-sided chi-square tests for equal proportions 
without adjustment for covariates, 221 subjects for each group should be recruited. In our study, involving older 
subjects with multimorbidity, we assume the same conditions and a potential drop-out rate of 20%. The pilot 
study involves three different phases: Recruitment (R), Baseline evaluation (T0), final evaluation 30 days after 
discharge (T1), first follow-up 60 days after discharge (T2) and second follow-up 90 days after discharge. At 60 
and 90 days, patients will continue to use the technology to evaluate the effect of the ecosystem on the other two 
re-hospitalization outcomes.

We decided not to verticalize on a specific pathology and consequently not to focus our study design 
specifically on one disease. The clinical context in which design testing of the TransCare project fits reflects the 
complex and multifaceted context of the frail and multimorbid patient. Indeed, each end-user partner will adopt 
its cut-offs for physiological parameters depending on the type of pathology being treated (the heart failure case 
was briefly presented as an example). However, the design behind the project is to remain generic and adaptable 
to different contexts, to allow for customization of the digital solution for greater scalability. It is also important 
to specify that the platform set up aims to improve the territorial continuity service by working on the transition 
phase from hospital to home. However, this does not replace the traditional channels of communication and 
relief with facilities/health personnel in emergencies; instead, it represents an innovative tool that encourages 
patients with different pathologies to self-monitor and post-discharge therapeutic adherence.

Before the discharge, the healthcare professionals will assess the level of risk through the CGA and will 
suggest the use of the system to provide to the patients, through personalized content and information aimed at 
supporting the self-management of their health at home. Then, a preliminary assessment of attitude and eHealth 
skills, as well as goals to be fulfilled through the system, will be conducted. Once installed, the participants 
will be remotely monitored and supported through the envisioned transitional care platform. After one month 
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of use, a second interview will take place to collect information on 30-day readmission, health and cognitive 
status, quality of life, and usability of the system. Three months from the start of the trial, a final follow-up will 
be conducted to detect the adherence rate of the participants to the socio-technical intervention and the overall 
satisfaction and usability.

To run the pilots realistically and validate the complete value chain, we will collect data from the recruited 
patients following FAIR principles50. The evaluation stage will follow existing ethical guidelines covering (a) the 
European rules and regulations that follow from the Ambient Assisted Living (AAL) programme and from the 
European legislation for research ethics, privacy, and data protection51, and (b) the national guidelines that the 
trial organisations are obliged to follow according to national rules and regulations. The use of the platform poses 
several ethical concerns that will be carefully addressed in project implementation ethics by design, context, 
and individual52. The study will be conducted considering regulatory requirements and legal requirements, 
and the study will be initiated following receipt of ethical approval by an independent Ethics Committee and 
completion of the administrative requirements of the institution where the study is being conducted. All data 
(such as measurements and replies to questionnaires) are verified by health personnel. Any strange or suspicious 
data will be deleted, and it will be requested to repeat the procedure for collecting data (e.g., by providing a 
new measurement). Data curation (pre-processing) for the AI algorithms is done through semi-automated and 
secured processes starting from the anonymized, received monitored data.

In addition, all potentially eligible participants will be required to receive complete information about the 
study and provide their consent to participate in the study. Moreover, participant must provide consent to the 
processing of personal data in anonymous and aggregate form, under the General Data Protection Regulation 
(GDPR) on the protection of individuals regarding the processing of personal data giving the patients several 
rights, including the right to access registered personal data, as well as correction and deletion of their data. 
Then, the participant is informed that his or her data may be examined by authorized personnel or by members 
of the competent ethics committee and officials of the competent regulatory authorities. Finally, the participant is 
also informed and asked to provide ad hoc informed consent to participate in the study, including data retention 
information. Each signature must be personally dated by each signatory, and the informed consent and any 
additional patient information must be retained by the investigator. A signed copy of the informed consent 
and information sheet will be given to each patient, or their informal caregiver or legal tutor, should they be 
unable to independently give their signed informed consent. The participant can indicate his or her agreement 
to the retention and use of his or her data long after the end of the project under the open access to scientific 
publications and open research data as requested by the European Commission.

Discussion
The integration of IoT, AI, and digital assistance technologies can have a significant long-term impact by 
enhancing the coordination and continuity of care, improving patient outcomes, and reducing the burden on 
healthcare systems28. However, a challenge to consider is the definition of a set of guidelines for re-designing 
the care paths for patients to consider the utilization of the novel technology developed in different care settings 
and national contexts29. The guidelines will consider the specific circumstances and healthcare systems of 
the countries where the trials are conducted, defining the roles and responsibilities of healthcare providers, 
caregivers, and patients to improve the coordination. This is important in Europe, where the healthcare system 
is rather fragmented, with specific rules and regulations in each country. The continuity of transitional care can 
be ensured30 by leveraging on the innovative technology scaled, adapted, and validated in pilot trials ensuring 
remote patient monitoring post-discharge in their home, providing virtual links for doctors to follow up and 
gain insight to provide appropriate care levels based on the patient’s medical condition with optimal allocation 
of resources will facilitate the sharing of data across the entire care continuum, which will include all interested 
stakeholders involved in the patient’s care. This will foster better communication and collaboration among 
healthcare providers, ultimately enhancing the overall patient experience and satisfaction.

Additionally, the augmented care pathway will impact the healthcare systems by providing healthcare providers 
closer to real-time patient data, advanced AI-driven models to assess health status and potential deviations from 
the set care plan, and enhanced communication across the transitional care continuum focused on hospital-to-
home transitions31. The large volume of data generated through IoT devices and analysed using AI can uncover 
valuable insights, identify trends, and facilitate evidence-based personalized care32. Furthermore, the approach 
will lay the foundation for future EU care systems by redesigning the patient care paths in care transition from 
hospital to home, considering the adoption of innovative technologies leading to more effective treatments, 
optimized resource utilization, and accelerated research and innovation in the field. Such developments can 
contribute to the important challenge of future standardization of transitional care models across healthcare 
settings by providing guidelines for care path redesign, promoting best practices that may facilitate successful 
transitions. However, open challenges still need to be addressed to ensure the seamless interoperability between 
healthcare systems, various actors in the system, and the patient, ensuring data privacy, ethics, and security.

Due to its potential to improve the effectiveness of transitional care processes, the envisioned technological 
solution will have a strong direct social impact and can create significant value in the public sector. It can 
improve the patient’s experience by ensuring a coordinated transition from hospital to home, leading to 
improved patient satisfaction with the healthcare system, better health outcomes, and the well-being of both 
the patient and the caregiver. From an economic perspective, the adoption into the existing healthcare systems 
can reduce hospital readmission, thus contributing to the reduction of the cost burden and better allocation of 
healthcare resources33. Simultaneously, it will help minimize the waste of healthcare resources by providing a 
comprehensive understanding of how to better anticipate and address issues faced by patients, family caregivers, 
and healthcare professionals during the transition from hospital to home. Another foreseen impact addresses the 
health management of high-risk populations, such as older adults with chronic diseases, offering them improved 
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monitoring and communication support, and improving the overall health outcomes. Thus, it will pave the way 
for the adoption of new patient-centred and digitalized transitional care models while reducing the associated 
costs. However, the costs of implementation and addressing potential resistance to adopting new technologies 
among healthcare providers and patients need to be carefully managed.

Through the parameters they provide, remote patient monitoring devices have multiple potential clinical 
applications in cardiovascular pathology. Measuring physical activity levels can encourage lifestyle changes, 
having beneficial effects in both primary and secondary prevention of cardiovascular diseases. They allow the 
screening of arrhythmias in high-risk patients, as well as the remote management of chronic diseases through the 
titration of drug treatment34. At-home monitoring of patients would allow reducing the length of hospitalization 
in the case of patients undergoing interventional procedures, such as patients with severe aortic stenosis treated 
percutaneously. These patients could benefit from an early discharge (in the first three post-procedural days 
or even the next day). Post-procedural arrhythmic complications, some of which can be life-threatening, 
could be detected with the help of wearable devices35. In a recently published study that evaluated the physical 
activity of patients who underwent percutaneously aortic valve replacement, with the help of smartwatches, it 
was observed that physical activity increases significantly in the first 2 months after the procedure and slowly 
decreases in those at risk of hospitalization. The increase in physical activity was also associated with a lower 
risk of 1-year mortality or rehospitalization, especially in the case of those patients who took less than 5000 steps 
per day36. The technology-assisted transitional care models can help healthcare providers to share knowledge 
and communicate more effectively with patients. This can lead to lowering the rehospitalization percentages and 
more efficient allocation of healthcare resources. Finally, the new technologically enhanced care pathway will 
support several goals for sustainable development37, helping to ensure healthy lives and promote well-being for 
all at all ages. It will strengthen the capacity of all countries, in particular developing countries, for early warning, 
risk reduction, and management of national and global health risks.

Data availability
All data generated or analysed during this study are included in this published article [and its supplementary 
information files].
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