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Abstract
Home-based care of individuals with Advanced Lung Disease (ALD), delivered with home-monitoring 
tools or broader Telemedicine (TM) interventions, has the potential to reduce the inequality of access to 
specialist centers, reduce the health care burden, improve patients’ quality of life, and prevent adverse 
outcomes associated with acute exacerbations through early identification. Current literature reports a 
high variability in the ways TM is provided and its efficacy, therefore there is an urgent need to perform 
new studies to test the most effective and re-source-sparing TM organizational and practical model. The 
“ideal” TM approach for patients with ALD would involve a comprehensive and integrated system that 
addresses the specific needs of these patients. The aim of the present research proposal is to analyze the 
effect of a telemonitoring pilot project on direct medical costs, health resource utilization, and mortality. 
We will carry out a monocentric, assessor-blind, two-arm (intervention/control) randomized controlled 
trial, enrolling 20 patients diagnosed with ALD evaluated for lung transplantation. In the inter-vention 
group, home telemonitoring will be based on few simple vital parameters, assessed au-tomatically and 
continuously by an Artificial Intelligent System, able to detect a worrisome trend and alert the clinical 
team. Primary outcomes will be health care utilization, mortality, and medication use. Secondary 
outcomes will be health-related QoL, psychological morbidity, lung function, and cost-effectiveness.
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Introduction
Global impact of advanced chronic respiratory diseases on health system

According to a report from the National Centers for Disease Control and Prevention, 90% 
of the 3.8 trillion USD annual health care expenditure in the United States comes from pa-tients 
with chronic and mental illnesses [1]. Given the aging population worldwide, the management 
of chronic diseases is bound to become a global health challenge and an economic burden 
in the foreseeable future [2]. Advanced Lung Diseases (ALDs) are a heterogeneous group of 
disorders principally affecting the lung parenchyma, resulting in dyspnea, and often leading 
to respiratory failure and premature death. Though ALD epidemiology varies globally, its 
incidence is increasing. Management at expert ALD centers is associated with better survival, 
easier access to specialized drugs, and a higher likelihood of lung transplantation. However, 
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many pa-tients, especially frail adults, might have limited access to 
these specialized centers be-cause of geographical distance. 

For example, Chronic Obstructive Pulmonary Disease (COPD) 
causes elevated mortality and morbidity, as well as soaring health 
care expenditure and recourse to health care facilities [3,4]. COPD 
is expected to become the world’s fourth leading cause of death 
within the next decade [5]. In search of cost-effective concepts of 
chronic care management, researchers and policy-makers have 
increasingly recognized the potential of Telemedicine (TM) in 
reducing morbidity, mortality, and health care utilization and its 
associated costs [3-9] . However, current literature reports a high 
variability in the ways TM is provided and its efficacy, therefore 
there is an urgent need to perform new studies to test the most 
effective and resource-sparing TM organizational and practical 
model [10].

Current models of health care, which are typically predicated 
on intermittent follow-up of patients at pre-scheduled time 
intervals, are poorly suited to the identification and prompt 
treatment of acute (on chronic) events. Furthermore, the increased 
incidence and prevalence of ALD means that the current capacity 
of specialty clinics might become insufficient to serve the needs of 
the growing number of patients with complex care requirements. 
Home-based care of individuals with ALD has the potential to 
reduce the inequality of access to specialist centers, reduce the 
health care burden, improve patients’ quality of life, and prevent 
adverse outcomes associated with acute exacerbations through 
early identification. Home-based care can be delivered with home-
monitoring tools or broader TM interventions. In this research 
proposal, we focus predominantly on home monitoring, but also 
briefly touch on TM interventions. The effective implementation 
of home-monitoring strategies for the management of patients 
with ALD requires several factors to be addressed: the safety of the 
systems and the organizational model of surveillance and care used, 
patient selection, and adaptability to a new model of care. These 
include a clear understanding of the strengths and weaknesses of 
digital health care devices, effective implementation of Web-based 
portals to facilitate secure contact and sharing of data between 
patients and health-care providers, and appropriate algorithms and 
proto-cols for ensuring that home-generated data are effectively 
monitored and used for patient care. Medication adherence in 
patients with ADL is very low and is associated with worse clinical 
outcomes and greater economic burden on the community. It is 
therefore a priority to find new ways to support such patients and 
ameliorate their adherence to defined medication strategy.

Importance of precision health, personalized medicine, 
and telemonitoring

TM refers to the use of information and communication 
technologies to improve patient outcomes by increasing access to 
care and medical information. Home monitoring is a subcategory 
of TM, focusing on the use of technologies that enable domiciliary 
collection of health status data by patients. Telemonitoring is a 
frequently used tool in the long-term management of many chronic 
diseases, such as COPD or chronic heart failure. TM approaches 

could be used in various ways in pulmonology: Tele-diagnostic, 
tele-consultation, tele-therapy, and telemonitoring of patients being 
treated with positive pressure devices [11]. However, conflicting 
data were found detailing the efficacy of TM services for managing 
COPD and generally pa-tients affected with ALD [10].

Home monitoring also has the potential to verify, in real 
time, treatment response and to identify related adverse events, 
thus facilitating treatment modification. Different care programs 
have been developed to support patients with ALD throughout 
their disease course, including home visits, nurse-led telephone 
counselling, and support for medication management. A multicenter, 
Randomized Controlled Trial (RCT) of a comprehensive online 
home monitoring program for interstitial pulmonary fibrosis, 
which included home spirometry, reporting of symptoms, health-
related quality of life, drug-related side-effects, a medication coach, 
and e-consultations, showed a clinically significant improvement 
in psychological wellbeing, as measured by the King’s Brief ILD 
Questionnaire in the intervention group. Home monitoring was 
greatly appreciated by patients, and al-lowed for individually 
tailored medication adjustments.

Furthermore, though there are several benefits and 
opportunities offered by implementing TM and home monitoring in 
patients with ALD (Figure 1), several barriers and potential issues 
have been brought to the attention of the scientific and medical 
communities: 

a.	 Requirement of internet access

b.	 Side-effects (e.g., induction of coughing during use of 
home spirometry)

c.	 Burden of monitoring

d.	 Research priorities for home monitoring in ALD

e.	 Difficulty in handling devices for some patients

f.	 Results that might cause anxiety or raise questions

g.	 Quality control measurements (not always optimal)

h.	 Delayed medical contact due to false sense of security

i.	 Wrong medical decision-making due to inappropriate 
results.

Precision health is defined as a holistic approach to helping 
people stay healthy through personalized prevention and 
treatment, which focuses on the prevention of disease. This 
includes precision medicine, but with a greater emphasis on daily 
monitoring, health promotion, and disease prevention [12]. Several 
studies have demonstrated the great potential of advancements 
in precision health to reshape human health and improve the 
treatment outcomes of breast, lung, and colorectal cancer [13] by 
providing daily critical data to reduce mortality in patients of all 
ages and both sexes who are suffering from the current epidemic of 
chronic diseases related to lifestyle habits [14,15]. 

A number of chronic disease prediction models have been 
developed in recent years. Goto et al. proposed a model to predict 
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Acute Exacerbations of Chronic Obstructive Pulmonary Disease 
(AECOPD) using demographic features, vital signs, and electronic 
medical records in the Emergency Department (ED) [16]. They 
found that the use of machine learning improves the ability to 
predict critical care and hospitalization rates for emergency 
patients with COPD exacerbation over the traditional statistical 
approach with emergency severity index information. Likewise, 
Peng et al. developed a machine learning approach to predict the 
prognosis of AECOPD hospitalized patients with clinical indicators. 
They used vital signs, medical history, inflammatory indicators, and 
decision trees to help respiratory physicians assess the severity 
of the patient early and improve patient prognosis [17,18]. Home 
telemonitoring, based solely on verbal consult by the care team 
alone and combined with pre-defined action plans but with a single 
short educational component and without a comprehensive self-
management program, reduces in-hospital health care utilization 
and increases treatment of COPD exacerbations with corticosteroids 
and antibiotics [19] and is accepted favorably by patients. However, 
use of ALD action plans in this context is unlikely to increase or 
decrease mortality. 

Moreover, despite a growing body of favorable evidence for 
TM in the management of COPD and other chronic diseases, such 
as Congestive Heart Failure (CHF), the benefit of telemonitoring 
with regard to clinical and economic outcomes has yet to be clearly 
demonstrated [6,7]. Meta-analyses indicate that telemonitoring 
reduces the odds ratio of all-cause hospitalization and ED visits 
by up to 54% [20-22] and 73 % [21,22], respectively, but has no 
impact on hospital length of stay, disease-specific quality of Life 
(QoL) or mortality [20-23].

However, the few telemonitoring interventions evaluated 
were highly heterogeneous, employing various technologies that 
included simple telephone calls, patient education, virtual video-
consultations, semi-automated transmission of vital parameters, 
or a combination of those [21]. The breadth and frequency of 
parameter measurements, as well as availability and qualification 
of support staff diverged across studies. Studies were typically 
under-powered [7] due to small sample sizes (range 18 (22) to 
256 (23), median 70 (23)). Moreover, most studies were controlled 
trials and thus conducted in a well-ordered clinical environment 
that might lack comparability to routine care settings [20-24].

The ideal organizational model

The “ideal” TM approach for patients with ALD would involve 
a comprehensive and integrated system that addresses the specific 
needs of these patients. Here are some key components of an ideal 
telemedicine approach:

Remote patient monitoring: The telemedicine system 
should include wireless systems and devices that allow for remote 
monitoring of patients’ vital signs, functional status, and disease 
progression. This could include devices such as wearable sensors, 
mobile apps, or home monitoring equipment to track parameters 
like blood pressure, heart rate, saturation and respiration rate, and 
functional reserve.

Functional evaluation at home: The TM approach should 
incorporate functional evaluation tools that can be used at home. 
This could involve digital platforms or applications that guide 
patients through functional assessments and provide feedback on 
their performance. These evaluations can help assess the patient’s 
functional reserve and identify any changes that may indicate a 
need for medical intervention.

Easy-to-use platforms: The TM system should have user-
friendly platforms and interfaces for both patients and caregivers. 
Patients should be able to easily access and use the telemedicine 
tools without much technical expertise. Caregivers should also have 
access to the system to support patients and provide necessary 
assistance.

Integration with medical professionals: The TM platform 
should provide a well-structured and accessible interface for 
physicians, nurses, and coordinators involved in the follow-up care 
of ALD patients. It should allow for seamless communication, data 
sharing, and collaboration within the health care team to ensure 
coordinated and timely interventions.

Data analysis and predictive models: The TM system should 
incorporate data analysis capabilities to process the collected 
patient data and generate meaningful insights. Advanced analytics 
and predictive modeling can help identify patterns, predict 
complications, and provide personalized recommendations for 
each patient.

Education and patient engagement: The TM approach should 
include educational resources and interactive features to engage 
patients in their care. This could involve providing educational 
materials, personalized feedback, reminders for medications and 
appointments, and opportunities for patients to ask questions or 
seek clarification.

Scalability and accessibility: The TM system should be 
designed to be scalable, allowing for easy expansion and adaptation 
to accommodate a larger number of patients. It should also 
consider accessibility factors such as language options, support 
for individuals with disabilities, and compatibility with different 
devices and Internet connectivity. Overall, the ideal TM approach 
for patients with ALD should aim to provide continual monitoring, 
early intervention, and personalized care in a convenient and 
patient-centered manner, with effective communication and 
collaboration among health care providers.

Useful Objective Measurements to Collect in 
Patients with ALD 
Home spirometry

Forced Vital Capacity (FVC), considered a surrogate measure 
for mortality, is one of the most important outcome measures in 
ALD, and is used to guide treatment decisions in daily practice 
and clinical trials. Hypoxemia is another physiological feature of 
prognostic importance in ALD, and crucial for decision making 
around oxygen supplementation and titration. Six-minute 
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walk tests and daily activity rates reflect a patient’s functional 
performance, while Patient-Reported Outcome Measures (PROMs) 
capture the direct effect of the disease on patient well-being and 
daily living. Coughing fits, one of the most common and disabling 
symptoms in ALD, can be measured with objective (e.g., recordings) 
and subjective (e.g., PROMs) methods. Home spirometry has gained 
increasing attention in the ALD field, with the first study published 
in 2016. A home spirometer is a handheld device that measures 
FEV1 and FVC. Several devices using different measurement 
technologies and methods to store and share data, and approved by 
the U.S. Food and Drug Administration are available. Ideally, home 
spirometers should be able to assess and provide feedback on test 
quality, measure inspiration and expiration, and do not require 
daily calibration. Modern devices are often connected to an online 
application (e.g., via Bluetooth) and use Wi-Fi for real-time data 
sharing with health care providers [25-27].

A few online applications with integrated home spirometry have 
been developed for pa-tients with ALD. Overall, patient satisfaction 
with online home spirometry is high. Though some applications 
have encountered technical problems (e.g., connectivity problems 
with the devices), online applications have the potential to improve 
adherence and reliability, with timely feedback from health care 
professionals. This feasibility and reliability was demonstrated 
in a Dutch home-monitoring program, which incorporated a 
technical helpdesk and an automated alert system for missing data 
or significant changes in measurements. In this study, adherence 
over time remained high, and slopes of home and hospital 
spirometry correlated well. With this approach, home spirometry 
can be valuable for daily care and clinical trials. There remains a 
need for standardized and validated technical requirements and 
analytical methods before home spirometry can be more widely 
implemented. Optimal frequency and timing for home spirometry 
measure-ments need further investigation, as testing frequency 
and diurnal variation could also affect results [2,28-34].

Pulse oximetry

Pulse oximeters have been one of the most widely used 
medical devices since their commercial introduction in the 
1980’s, yet there was a scarcity of data on their use for home 
monitoring until the COVID-19 pandemic. Conventional portable 
pulse oximeters, which measure oxygen saturation on the basis 
of transmission and absorption of different light wavelengths, 
are inexpensive and simple to use. There are emerging wearable 
sensors (e.g., Biobeat Technologies, Petah Tikva, Israel) and mobile 
applications (e.g., DigiDoc Technologies, Egersund, Norway) that 
use photoplethysmography by measuring light re-flection for pulse 
oximetry monitoring. Newer devices allow continuous ambulatory 
oximetry monitoring in daily life, which can provide additional 
information of oxygenation status in patients with ALD to optimize 
oxygen supplementation, particularly when used with physical 
activity monitoring. However, available data regarding accuracy 
for several portable pulse oximeters and the newer systems are 
scant. Large reading errors have been shown in selected direct-to-
consumer portable pulse oximeters that do not meet the standard 

set by International Organization for Standardization. In addition, 
other factors can affect pulse oximetry readings, including low 
perfusion, movement artifacts, darker skin pigmentation, and nail 
polish. Given that it is common to encounter patients with ALD 
who monitor oxygen saturation at home, there is a need to evaluate 
the use of, and support required for, reliable home use of pulse 
oximetry.

Activity trackers

Many different wearable devices are available for physical 
activity monitoring to objectively evaluate both the rates and 
habitual patterns of physical activity by use of step counts, 
activity intensity, and energy expenditure. These devices include 
pedometers, ac-accelerometers (e.g., ActiGraph, Pensacola, FL, 
USA) and gyroscopes, consumer-grade monitors (e.g., Fitbit, San 
Francisco, CA, U.S.A.), and smartphone applications for movement 
tracking, which use different signal transduction strategies for 
monitoring. Most devices record several physical activity variables 
besides steps per day, such as time standing, sedentary time, 
and sleep. The variables, or combinations of variables, that are 
of greatest clinical use in the assessment of patients with ALD 
remain unknown. Data from small studies in ALD show moderate 
associations between daily step counts and energy expenditure 
with lung function and 6-minute walk distance, and their prognostic 
potential for mortality. Daily step counts might be more sensitive 
than lung function in detecting disease progression in ALD [35-37].

Cough monitors

Objective evaluation with cough-frequency monitoring is 
currently used for research purposes in ALD, though its role in 
clinical practice has yet to be established. Nevertheless, objective 
monitoring with cough recorders is considered to be more 
reliable than patient recall and clinician appraisal in providing 
valid assessments of cough frequency, which correlate well with 
cough-related questionnaires. A 2021 study suggests that cough 
monitoring is feasible in the real-world setting and can provide 
useful clinical data, such as treatment response in patients with 
a chronic cough. The most widely used devices are the Leicester 
Cough Monitor (University Hospital Leicester, Leicester, UK) and 
the VitaloJAK (Vitalograph, Buckingham, UK). Both devices use 
a microphone for recording up to 24 hours to assess coughing 
during routine daily activities (Figure 1). The main drawback of 
these systems is the recording of environmental sounds, including 
private conversations. Though ambient sounds can be subsequently 
filtered out manually or with near-automated software, this could 
lead to privacy and confidentiality issues and a reluctance to wear 
the cough monitor. Furthermore, though these devices measure 
cough frequency, they do not generally provide any assessment 
of cough intensity [38-40]. Real-time monitoring and analysis of 
cough sounds with machine learning algorithms could overcome 
this obstacle. In 2019, a smartphone application was developed 
for continuous cough detection that showed similar performance 
to available cough recorders and manual counting, which can 
be combined with online administration of cough-related 
questionnaires.
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Figure 1: Study design.

Patient-reported measures

Online collection with an application or other web-based 
platform can facilitate implementation of PROMs in daily care 
and in research. A task force of the professional society for health 
economics and outcomes research (formerly the International 
Society for Pharmacoeconomics and Outcomes Research) 
concluded that online PROMs have many advantages over paper-
based completion of PROMs, and outcomes are valid and reliable. 
Compared with paper-based questionnaires, online administration 
of PROMs leads to better data quality, faster completion time, lower 
cost, and the ability to guide clinical decision making. Studies in 
patients with pulmonary fibrosis found that online administration of 
PROMs is feasible in this older patient population, and appreciated 
by patients for self-monitoring. Some studies advocate for the use 
of visual analogue scales or numeric rating scales instead of more 
lengthy PROMs [41]. Especially if completed online, these simple 
tools could provide added value for research and daily clinical 
practice by reducing missing values and allowing frequent data 
collection [42-46].

Hypotheses and Aims
Our research hypothesis for this proposal is that, though classic 

virtual teleconsulting is beneficial in the palliative care of patients 
with advanced lung disease, the costs and human resources 
involved are significant. Home telemonitoring based on few simple 
vital parameters, assessed automatically and continuously by an 
Artificial Intelligence (AI) system that is able to detect a worrisome 
trend and alert the clinical team whenever appropriate is effective 
and economically affordable. 

Hence, the purposes of this research proposal will be:

a.	 To develop an AI-assisted telecare platform that enables 
physicians to remotely monitor the situation of patients with 

chronic diseases and support the data collection of lifestyle and 
environmental factors from different sources.

b.	 To develop scalable modular respiratory chronic disease 
prediction models for early prediction of acute exacerbations 
using personal lifestyle factors, environmental factors, and 
medical questionnaires to help patients improve disease 
control.

c.	 To construct an appropriate Smartphone-Based Decision 
Support System (DSS) to deliver personalized health evaluation 
for patients and health professionals in order to achieve the 
goal of precision health management.

In other terms, this study will analyze the effect of a 
telemonitoring pilot project on direct medical costs, health resource 
utilization, and mortality. Primary outcomes will be health care 
utilization, mortality, and medication use. Secondary outcomes will 
be health-related QoL, psychological morbidity, lung function, and 
cost-effectiveness.

Data on lifestyle, temperature, humidity, and fine particulate 
matter will be collected using wearable devices, a home air 
quality-sensing device, and a smartphone/tablet app. Acute 
exacerbation episodes will be evaluated post-hoc via standardized 
questionnaires. With these input features, we will evaluate the 
prediction performance of different machine learning models, 
including random forest, decision trees, k-nearest neighbor, 
adaptive boosting, and a deep neural network, combined with 
a nurse-based coordination desk that will call patients at home 
whenever the DSS alerts, and will involve the pulmonologist on call, 
if needed, to modify the therapeutic regimen in a timely way.

We will estimate incremental costs and effectiveness by 
comparing an ALD telemonitoring and an ALD standard care 
cohort over a period of 1 year. In doing so, we will address the 



6

Trends Telemed E-Health       Copyright © Paolo Capuano

TTEH.000596. 4(5).2023

limitations of existing studies in numerous ways. First, to the 
best of our knowledge, this will be the largest evaluation of ALD 
telemonitoring in Italy. A follow-up period of 1 year enables 
measuring mid-term outcomes reliably. Second, we will investigate 
the incremental causal effect of telemonitoring in pragmatic, routine 
clinical settings by using a combination of advanced data analysis 
techniques (e.g., machine learning) and a stepwise evaluation of 
the clinical issue at hand by isolating ALD-related from all-cause 
outcomes. As a result, we will be able to make precise judgements 
regarding the effectiveness of telemonitoring on respiratory-related 
outcomes. Finally, we will consider incremental costs in addition to 
effectiveness of the intervention, and will be the first to conduct an 
evaluation of telemonitoring for ALD in Italy. 

Materials and Methods
Clinical setting: Study design

We will carry out a monocentric, assessor-blind, two-arm 
(intervention/control) randomized controlled trial. The allocation 
ratio between the intervention and control group will be 2:1. Bias 
will be minimized through randomization, allocation concealment, 
assessor blinding, and statistical adjustment or subgrouping during 
the analysis. The study is expected to have an overall duration of 18 
months (first patient in, last patient out). The length of study per 
patient will be 12 weeks. The recruitment period will last several 
months.

Study population: Inclusion and exclusion criteria

During the study period, we anticipate enrollment of 20 
patients diagnosed with ALD evaluated for lung transplantation. 
Primary respiratory issues will include COPD according to the 
Global Initiative for Chronic Obstructive Lung Disease (GOLD) 
criteria; in particular, people admitted to the hospital for an AECRF 
will be recruited when medically fit for discharge. Inclusion criteria 
will be as follows: ≥18 years of age, a confirmed clinical diagnosis of 
COPD from spirometry data in medical records (FEV1/FVC < 0.7), 
and an admission with a primary diagnosis of exacerbation of CRF. 

Participants will be excluded if they have a visual or physical 
impairment preventing them from wearing the vest, e.g., 
wheelchair-bound or a psychological comorbidity preventing 
their participation, dementia, required palliative care or unable or 
unwilling to provide written informed consent. To ensure that our 
trial specifically tests the effect of the telemonitoring technology, 
intervention and control groups will be provided with the same 
clinical care (including self-management advice) according to 
the region in which they live. The only difference between the 
intervention and control groups will be the provision of the 
telemonitoring service (Figure 1).

Acute exacerbations definition

According to the World Health Organization (WHO) and the U.S. 
National Heart, Lung, and Blood Institute GOLD, an exacerbation 
is defined as “an event in the natural course of the disease 
characterized by a change in the patient’s baseline dyspnea, cough, 
or sputum that is beyond normal day-to-day variations, is acute in 
onset, and may warrant a change in regular medication in a patient 

with underlying COPD.” Though the definition is comprehensive, 
it raises a number of questions (e.g., what are “normal day-to-day 
variations”?), thereby limiting its adoption as a practical definition 
in the context of clinical studies. Therefore, the following definition 
of exacerbation, based on clinical experience and a comprehensive 
review of the literature, will be adopted: “An exacerbation is defined 
as a change in medication or an HCP contact (hospital admission or 
any documented contact, face-to-face contact or telephone calls) in 
the presence of a significant increase in symptoms.”

To measure respiratory failure symptoms, participants will 
be asked to complete the Exacerbation of Chronic Pulmonary 
Disease Tool (EXACT) each day. This 14-item patient-reported 
questionnaire evaluates breathlessness, cough and sputum, and 
chest symptoms [41,47], with the total EXACT score ranging from 
0 to 100, and higher scores indicating greater symptom severity.

Service architecture

The service consists of an iOS/Android based smartphone 
app, wearable devices, an air quality sensing device, and modular 
prediction models. After patients are discharged from the hospital, 
all lifestyle and environmental key information will be effectively 
collected from a wearable device, an air quality sensing device, 
and a smartphone app. Then, real-time data will be displayed on 
the platform for medical staff to assist in decision-making. Modular 
prediction models will be immediately triggered on some very 
important abnormal vital signs, ensuring emergency safety and 
cost-effectiveness. 

Medical smartphone app

The location-based personal health advice app will be 
developed for both Android and iOs platforms. This will allow the 
measurement of real-time streaming data such as heart rate, heart 
rate variability, acceleration, SpO2, respiration rate, steps, calorie 
consumption, and floors climbed via connection with wearable 
devices. A background location tracking feature and video chat 
will be activated after obtaining user data authorization. Since 
regular assessment and daily symptom records help physicians 
understand the patient’s disease condition, the app will provide 
a variety of chronic disease clinical questionnaires and symptom 
diary functions. 

The interactive diary questionnaire allows patients to self-
report whether their symptoms have improved, become worse, or 
not changed compared with their understanding of what is “usual” 
for them. Chest tightness, breathlessness, sputum volume, and 
purulence will be treated as “major” symptoms, while having a cold 
or sore throat, and an assessment of feeling generally run down, will 
be treated as “minor” symptoms. Patients will also report whether 
they are taking relievers, antibiotics, steroids or any combination of 
the three. These data will be automatically uploaded to the server, 
after which physicians will provide personalized health promotion 
advice in real time through the data visualization platform.

Air quality sensing device

Patients with chronic respiratory diseases, such as chronic 
obstructive pulmonary disease and asthma, are particularly 
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susceptible to air pollution. With the rapid progress of the Internet 
of Things, home environmental information can be detected by air 
quality sensors. In the present proposal, a CE-certified sensor for air 
quality will be used to collect fine particulate matter (PM2.5) levels, 
temperature, and humidity at home; these data will be uploaded 
automatically via a wireless network every hour. 

Scalable AI-assisted telecare platform

Through the heretofore mentioned sources of information and 
communication technology methods, comprehensive patient data 
will be collected. To establish an effective connection between 
patients and physicians, the data platform will be designed to 
provide key information and trend charts to physicians and case 

managers, facilitating a rapid understanding of the patient’s current 
condition on one interface (through the use of a Dashboard). In 
addition to data visualization, this platform provides real-time 
warning functions to assist physicians and case managers in 
decision making. Physicians and case managers will set thresholds 
for abnormal vital sign warnings according to the patient’s status. 
When the vital signs exceed the thresholds, the platform actively 
triggers the health risk calculation process and notifies medical 
staff to intervene if necessary. Regarding the precision health 
management and prevention of chronic diseases, the platform will 
compute personal health risks based on modular chronic disease 
prediction models and the various collected data (Figure 2).

Figure 2: Graphical abstract.

Models for early prediction of acute exacerbation of 
chronic diseases

As mentioned, the baseline health risk value will be computed 
with a robust prediction model, and provided as decision support 
for physicians. The comprehensive dataset will be pre-processed 
to extract the key features, followed by the training process. The 

data pre-processing consists of the Last Observation Carried 
Forward (LOCF) interpolation for inconsistent frequency or null 
point, and re-sampling to deal with the disparate ratio of abnormal 
events. The normalized data will be analyzed with various models, 
and subjected to an external validation to ensure that models are 
reliable and applicable to different case groups in the real world. 

Table 1: Useful tools and parameters to collect in patients with ALD.

Tools Parameters

Medical smartphone app Heart rate, Heart rate variability, Acceleration, SpO2, Respiration rate, Steps, Calorie consumption, and floors climbed

Home spirometry FEV1 and FVC

Cough monitors To assess coughing during routine daily activities 

Air quality sensing device To collect fine particulate matter (PM2.5) levels, temperature, and humidity at home

Interactive diary questionnaire Self-report of major symptoms (chest tightness, breathlessness, sputum volume, and purulence) and minor 
symptoms (cold or sore throat, and an assessment of feeling generally run down

Hyperparameters for machine learning and the deep learning 
algorithm are presented in Table 1. Decision trees, random forests, 
linear discriminant analysis, and adaptive boosting will be used to 
implement the AECOPD prediction model. We also propose a deep 

neural network for comparison with machine learning methods. 
This will be constructed using fully connected layers, which 
connect each neuron in one layer to each neuron in another layer, 
mapping feature representations to the target vector space. For the 
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activation function, we will use Rectified Linear Units (ReLU), with 
the introduction of a slope α, finishing with the sigmoid function 
to ensure a probability between 0 and 1. For the optimizer for 
updating parameters, Adaptive Momentum Estimation (ADAM) 
with quick parameter tuning and rapid convergence is suitable 
for many parameters. Though ADAM uses an adaptive learning 
rate, instead of using its decay function, for this model we will 
use an adaptive learning rate multiplied by 0.1 every 60 epochs. 
To account for the imbalanced data, we will use the class weights 
technique from Keras to penalize loss for categorizing data points 
as the wrong class.

Model assessment and validation

We will use 3-fold cross-validation to evaluate the stability 
of the prediction models. Accuracy, precision, sensitivity, and 
specificity will be used as assessment metrics to evaluate the 
overall performance, including the closeness and the deviation of 
the prediction, and the performance on negative and positive cases 
of the identification models based separately on the validation 
and test sets. To tune the models for the best performance on the 
test set, the F1 score will be computed to adjust and evaluate the 
performance of our multi-feature prediction tasks by varying the 
outcome thresholds using the validation dataset. 

Feature engineering and model deployment

To deploy the prediction model in the real world, we will 
implement the SHapely Additive Explanations (SHAP) module, and 
a feature selection process to reduce the number of variables and 
the computational cost. The SHAP module is designed to explain 
the output of prediction models based on cooperative game theory, 
and determines the most important features and their influence on 
the model prediction. The formula of the SHAP value is defined in 
Equation 2. ϕi is the Shapley value for feature i. S is a coalition of 
features. p(S) is the payoff for this coalition. N is the total number 
of features. N/i is all the possible coalitions not containing i. In this 
study, a summary plot will be applied to describe the distribution 
and relationship of each feature. Furthermore, feature selection 
will be used to address overfitting and to find the best feature 
set for a useful, real-world prediction model. We will adopt the 
wrappers method and backward feature elimination to observe 
the performance change in precision, specificity, and F1 score. We 
will start the model with all features, and then remove insignificant 
features one by one until all features are processed. The resulting 
prediction model with the most cost-effective feature set will be 
deployed on our developed platform.

Conclusion
This project study aims to provide a comprehensive assessment 

of the telemonitoring pilot project’s impact on patient outcomes, 
health care resource utilization, and cost-effectiveness. Our 
research proposal is focused on comparing the effectiveness and 
cost-effectiveness of two approaches in care for patients with ALD: 
classic virtual teleconsulting and home telemonitoring with an 
AI system. The hypothesis suggests that while classic virtual tele-
consulting may be beneficial, it comes with significant costs, and 

requires a substantial allocation of human resources. On the other 
hand, home telemonitoring, which relies on automatic assessment 
of vital parameters by an AI system, can effectively detect concern-
ing trends, and alert the clinical team when necessary, all while 
being economically affordable. The results of this study may 
therefore be useful in understanding the real impact of a home 
monitoring system for patients with ADL.
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