
 
   

 

ADDRESSING THE NEEDS OF INTEGRATION OF MACHINE 
LEARNING WITH VITAL MONITORING IN COPD MANAGEMENT 

 

Tailored support is needed for patients with COPD to improve overall quality 
of life. The quest for vital parameter monitoring among COPD for predicting 
acute exacerbations could possible also include a factor evaluating the 
respiratory viral infection. 

Use of continuous Vital 
monitoring in COPD  
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Continuous vital monitoring among patients 
with COPD offers unique insight into the 
interactions between physiology, behavior 
and symptoms. It can detect the 
exacerbations at the earliest and possible 
intervention. Vital parameters include heart 
rate (HR), respiratory rate (RR), temperature 
and peripheral oxygen saturation (SPo2). 
Can the variations in these parameters predict 
an impending acute attack symptomatic 
exacerbation in patients with COPD? Are 
there any specific parameters or events that 

are specific to COPD exacerbations? In this 
newsletter we examine the possible answers.  
The prevalent global pandemic of COVID19 
has complicated the management of every 
disease particularly the respiratory illness. 
COPD is an independent risk factor resulting 
in mortality among COVID patients and the 
effects cannot be undermined.1,2 Contrary to 
the general assumption, during January 2020 
to May 2021, there was 50% reduction in 
hospitalization for COPD exacerbations as 
suggested by meta-analysis of 13 studies 
evaluating the COPD situation.3 

Our continuous remote monitoring solution o�ers earlier detection of acute events of COPD. Coupled 
with lifestyle and location tracking IoTs, it is possible to predict an acute event based on machine 
learning algorithms. Personalized and adaptive BODE index computations coupled with continuous vital 
monitoring provide required K means and hierarchical clusters to classify COPD and to predict an acute 
exacerbation.
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Category Input features 

Transcriptomic data15 
Serum metabolic biomarkers 
Clinical (lung sound)16 
COPD assessment test (CAT) score17 
spirometry features16 

Post-bronchodilator (BD) FEV1 % 
predicted18 
Diffusing capacity of carbon monoxide % 
predicted18 

 Thoracic computed tomography19 
 

  

 

   

 

 

 

 

 

1. Anxiety and 
depression 

2. Severe airflow 
limitation and 
weakness,  

3. Cardiovascular disease 
and diabetes 

4. Obesity 
5. Atopy and non-

comorbidity 

FIVE PHENOTYPES 
INFLUENCING 

COPD 
OUTCOMES 
Experience vs. 

This significant reduction in cases 
indicate a possible respiratory viral 
infections triggering the acute events 
in COPD patients. So, the quest for 
vital parameter monitoring among 
COPD for predicting acute 
exacerbations could possible also 
include a factor evaluating the 
respiratory viral infection.  
 
Tailored support is needed for 
patients with COPD to improve 
overall quality of life.4 Though 
efforts in bringing supported self-
management of COPD were not 
promising earlier,5,6 a Cochrane 
review suggested that assisted self-
management improves health-related 
quality of life.7 Therefore, efforts in 
assisting patients for predicting, 

intelligence and machine learning will 
be beneficial to the patients.8,9  
As the latest report indicate exertional 
desaturation has higher mortality than 
non-desaturation in COPD,10 a vital 
monitoring system in place for 
detection of acute exacerbations must 
include a oxygen saturation. Other 
parameters that are widely used to 
predict the mortality among COPD are 
body mass index (B), airflow 
obstruction (O), dyspnea (D) and 
exercise capacity (E) - BODE index. 
Similarly, there are other indices - 
DOSE index (dyspnea, airflow 
obstruction, smoking status and 
exacerbation frequency),11 ADO index 
(age, dyspnea and airflow 

prognosticating, managing and 
preventing acute exacerbations 
using present day artificial 

obstruction),12 SAFE index (St. 
George’s respiratory questionnaire 
score, airflow limitation and 
exercise tolerance).13 Machine 
learning mortality prediction 
(MLMP) in COPD model can 
outperform all these existing 
traditional models to predict the 
mortality.8  
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Main inputs for the machine 
learning experiments in COPD 

management are listed below14 
 

References  
1.  Gerayeli FV, Milne S, Cheung C, Li X, Yang CWT, Tam A, et al. COPD and the risk of poor outcomes in COVID-19: A systematic review and meta-analysis. EClinicalMedicine. 2021 Mar 1;33:100789.  
2.  Lee SC, Son KJ, Han CH, Park SC, Jung JY. Impact of COPD on COVID-19 prognosis: A nationwide population-based study in South Korea. Sci Rep. 2021 Feb 12;11(1):3735.  
3.  Alqahtani JS, Oyelade T, Aldhahir AM, Mendes RG, Alghamdi SM, Miravitlles M, et al. Reduction in hospitalised COPD exacerbations during COVID-19: A systematic review and meta-analysis. PLOS ONE. 2021 Aug 3;16(8):e0255659.  
4.  Majellano EC, Clark VL, Gibson PG, Foster JM, McDonald VM. The needs and well-being of severe asthma and COPD carers: A cross-sectional study. Respirology [Internet]. [cited 2021 Nov 4];n/a(n/a). Available from: 
https://onlinelibrary.wiley.com/doi/abs/10.1111/resp.14167 
5.  Gadoury M-A, Schwartzman K, Rouleau M, Maltais F, Julien M, Beaupré A, et al. Self-management reduces both short- and long-term hospitalisation in COPD. European Respiratory Journal. 2005 Nov 1;26(5):853–7.  
6.  Pinnock H, Steed L, Jordan R. Supported self-management for COPD: making progress, but there are still challenges. European Respiratory Journal. 2016 Jul 1;48(1):6–9.  
7.  Zwerink M, Brusse-Keizer M, van der Valk PDLPM, Zielhuis GA, Monninkhof EM, van der Palen J, et al. Self management for patients with chronic obstructive pulmonary disease. Cochrane Database Syst Rev. 2014 Mar 19;(3):CD002990.  
8.  Moll M, Qiao D, Regan EA, Hunninghake GM, Make BJ, Tal-Singer R, et al. Machine Learning and Prediction of All-Cause Mortality in COPD. Chest. 2020 Sep;158(3):952–64.  
9.  Mekov E, Miravitlles M, Petkov R. Artificial intelligence and machine learning in respiratory medicine. Expert Rev Respir Med. 2020 Jun;14(6):559–64.  
10.  Liu S-F, Chin C-H, Tseng C-W, Chen Y-C, Kuo H-C. Exertional Desaturation Has Higher Mortality Than Non-Desaturation in COPD. Medicina. 2021 Oct;57(10):1110.  
11.  Celli BR, Cote CG, Marin JM, Casanova C, Montes de Oca M, Mendez RA, et al. The body-mass index, airflow obstruction, dyspnea, and exercise capacity index in chronic obstructive pulmonary disease. N Engl J Med. 2004 Mar 4;350(10):1005–12.  
12.  Puhan MA, Garcia-Aymerich J, Frey M, ter Riet G, Antó JM, Agustí AG, et al. Expansion of the prognostic assessment of patients with chronic obstructive pulmonary disease: the updated BODE index and the ADO index. Lancet. 2009 Aug 
29;374(9691):704–11.  
13.  Azarisman MS, Fauzi MA, Faizal MPA, Azami Z, Roslina AM, Roslan H. The SAFE (SGRQ score, air‐flow limitation and exercise tolerance) Index: a new composite score for the stratification of severity in chronic obstructive pulmonary disease. 
Postgrad Med J. 2007 Jul;83(981):492–7.  
14.  Feng Y, Wang Y, Zeng C, Mao H. Artificial Intelligence and Machine Learning in Chronic Airway Diseases: Focus on Asthma and Chronic Obstructive Pulmonary Disease. Int J Med Sci. 2021 Jun 1;18(13):2871–89.  
15.  Matsumura K, Ito S. Novel biomarker genes which distinguish between smokers and chronic obstructive pulmonary disease patients with machine learning approach. BMC Pulm Med. 2020 Feb 3;20:29.  
16.  Haider NS, Singh BK, Periyasamy R, Behera AK. Respiratory Sound Based Classification of Chronic Obstructive Pulmonary Disease: a Risk Stratification Approach in Machine Learning Paradigm. J Med Syst. 2019 Jun 28;43(8):255.  
17.  Castaldi PJ, Dy J, Ross J, Chang Y, Washko GR, Curran-Everett D, et al. Cluster Analysis in the COPDGene Study Identifies Subtypes of Smokers with Distinct Patterns of Airway Disease and Emphysema. Thorax. 2014 May;69(5):416–23.  
18.  Yoon H-Y, Park SY, Lee CH, Byun M-K, Na JO, Lee JS, et al. Prediction of first acute exacerbation using COPD subtypes identified by cluster analysis. Int J Chron Obstruct Pulmon Dis. 2019 Jun 28;14:1389–97.  
19.  Westcott A, Capaldi DPI, McCormack DG, Ward AD, Fenster A, Parraga G. Chronic Obstructive Pulmonary Disease: Thoracic CT Texture Analysis and Machine Learning to Predict Pulmonary Ventilation. Radiology. 2019 Dec;293(3):676–84.  

Management and 
Monitoring

Screening and 
Diagnosis

      Maching learning mortality 
prediction is outperforming 
traditional models in predicting 
the acute exacerbations of 
COPD. In this regard, continu-
ous vital monitoring devices 
signi�cantly contribute to the 
overall well-being of the COPD 
by providing early indications 
of worsening of COPD status.

“

Machine 
learning in
COPD 
Management

Using k-means and hierarchical clustering (two 
of the important machine learning methods), 
COPD can be classi�ed into four clusters.
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